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1. Supplementary results
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Supplementary Figure S1. Relative abundance of bacterial phyla across gut microbiota samples of Melipona capixaba and Melipona mondury. Each bar represents an individual sample, and colours indicate the proportional abundance of bacterial phyla. Sample codes on the x-axis denote species identity, where MC corresponds to M. capixaba and MM corresponds to M. mondury.
[image: ]Supplementary Figure S2. Relative abundance of bacterial families accounting for up to 90% of the total microbial community across samples of Melipona capixaba and Melipona mondury. Each bar represents an individual sample, with colours indicating the proportional contribution of bacterial families. Sample codes shown on the x-axis denote species identity, where MC corresponds to M. capixaba and MM corresponds to M. mondury.
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Supplementary Figure S3. Relative abundance of bacterial genera accounting for up to 90% of the total microbial community across samples of Melipona capixaba and Melipona mondury. Each bar represents an individual sample, with colours indicating the proportional contribution of bacterial genera. Sample codes on the x-axis denote species identity, where MC corresponds to M. capixaba and MM corresponds to M. mondury.
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Supplementary Figure S4. Microbial community similarity across life stages and honey. Dendrogram based on Weighted UniFrac distances illustrating the phylogenetic beta-diversity among bacterial communities of honey, foragers, nurses, and larvae of Melipona capixaba. The adjacent bar plot displays the mean relative abundance of the top genera, which collectively represent 90% of the total microbial abundance across all samples.
 1.1. Colonization and stress tolerance in worker and male microbiota
Worker (nurses and foragers) and male microbiota exhibit strong enrichment of predicted pathways related to resistance and adaptive capacity to environmental stressors, bacterial colonization, and adherence (Figure 4; Supplementary Tables S7 and S8, p < 0.05). Biofilm formation – E. coli (ko02026) is highly enriched in worker microbiota (LFC = 10.14, p  = 0.002), and biofilm formation – Vibrio cholerae shows a similar magnitude (ko05111; LFC = 9.02,  p = 0.015). In male microbiota, lipopolysaccharide biosynthesis (ko00540; LFC = 16.07, p = 0.001) is enriched, indicating a potential relation to enhanced cell wall integrity and modulation of the outer membrane barrier, while the two-component system (ko02020; LFC = 12.68, p < 0.001) is similarly elevated, indicating a possible capacity for adaptive environmental response and signal transduction. Predicted pathways related to metabolic processes supporting the biofilm matrix, such as carbohydrate biosynthesis, fatty acid and lipid biosynthesis, and 1,5-anhydrofructose degradation, cluster alongside workers and males in ordination space (Figure 4 C).
Predicted pathways related to tolerance to host- and environment-derived antimicrobial peptides, as well as increased transmembrane transport of nutrients and efflux of xenobiotics are also upregulated in worker and male microbiota (Figure 4; Supplementary Tables S7 and S8, p < 0.05). The Cationic Antimicrobial Peptide (CAMP) resistance pathway is among the most upregulated functions in both groups (ko01503; LFC = 19.87 – 9.70, p < 0.001). In males, the enrichment of porphyrin metabolism (ko00860; LFC = 11.76, p < 0.001) may indicate a facilitated efficient cellular energetics and substrate translocation. Similarly, the ABC transporter system (ko02010) is enriched in workers (LFC = 6.56, p > 0.001). Worker microbiota is further enriched in predicted functions related to osmoprotection and membrane-strengthening. Ectoine biosynthesis (LFC = 6.78, p > 0.001) may indicate a microbiota protected against osmotic and thermal stress, norspermidine biosynthesis (LFC = 5.88, p = 0.001) may be related to biofilm formation, while peptidoglycan biosynthesis IV (LFC = 2.72, p = 0.001) and (Kdo)₂-lipid A biosynthesis (LFC = 3.80, p > 0.001) may indicate enhanced cell-wall integrity and barrier resistance. The combined enrichment of these pathways may indicate a microbiota optimized for persistence under the fluctuating physicochemical conditions characteristic of the foraging environment.
 1.2. Metabolic versatility and oxidative adaptation in worker and male microbiota
[bookmark: _Hlk221622542]Both worker and male microbiotas display strong enrichment of predicted functions related to oxidative and energy-intensive metabolism, consistent with a more aerobic lifestyle and diverse diet (Figure 4; Supplementary Tables S7 and S8, p < 0.05). In M. mondury, predicted pathways related to respiration and redox metabolism, such as menaquinol biosynthesis (series 6–13; LFC = 2.8 – 3.9, p = 0.027 – 0.042) and TCA cycle VIII (LFC = 3.71 –9.21, p = 0.012 –0.013) are enriched in worker and male microbiotas. Complementary enrichment of fatty acid β-oxidation I (LFC = 3.64, p = 0.016) and oxidative phosphorylation (ko00190; LFC = 8.37, p = 0.029) in worker and males microbiota may indicate a high-energy metabolic potential suitable for processing nectar and pollen. Additionally, sulphur metabolism (ko00920; LFC = 15.78, p > 0.001), and ubiquinone and terpenoid-quinone biosynthesis (ko00130; LFC = 12.84, p > 0.001) may be functionally linked to oxidative respiration and electron transport in male gut communities.
1.3. Functional connectivity and community stability
Functional network analysis corroborates the ecological robustness of worker and male microbiotas (Supplementary Figure S6; Supplementary Table S10). The predicted functional network is highly connected (SpiecEasi: 104 nodes, 169 edges; SparCC: 104 nodes, 2666 edges; density = 0.50; modularity = 0.64), with the strongest linkages among amino acid biosynthesis, cofactor and vitamin biosynthesis, fermentation, and carbohydrate metabolism. Worker and male microbiotas display central hub functions involving cell structure biosynthesis (176 edges) and fatty acid and lipid biosynthesis (143 edges), both potentially linked to biofilm matrix production and stress resilience. In microbial association networks (Supplementary Figure S6; Supplementary Table S11), Bifidobacterium, Leuconostoc, and Bombella emerge as key nodes (degree = 16–22; modularity = 0.88), supporting community stability and ecological cooperation under environmental fluctuations.
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Supplementary Figure S5. Functional (MetaCyc) Co-occurrence Networks and Pathway Connectivity. A) Functional networks inferred from MetaCyc pathway profiles, encompassing the complete dataset for Melipona mondury and Melipona capixaba. The left panel shows the SpiecEasi network (Meinshausen–Bühlmann graphical model), which identifies sparse conditional dependence relationships among predicted MetaCyc pathways. The right panel shows the SparCC network, which infers correlation-based associations robust to compositionality. Each node represents a predicted MetaCyc metabolic pathway, coloured according to its functional class (same colour scheme as in previous figures), and edges represent inferred co-occurrence relationships. B) Distribution of predicted MetaCyc pathway classes by total edge count across both networks. The pie chart summarizes how frequently pathways from each functional class participate in co-occurrence associations, providing an overview of which metabolic categories contribute most strongly to the functional connectivity of the gut microbiome. Larger slices correspond to pathway classes with higher total edge counts across the combined SpiecEasi and SparCC networks.
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Supplementary Figure S6. Consensus co-occurrence network of M. capixaba and M. mondury gut bacteria. Network was constructed by merging edges inferred independently by SpiecEasi and SparCC. Blue edges represent associations detected only by SpiecEasi, green edges represent associations detected only by SparCC, and red edges indicate consensus edges recovered by both methods. Nodes represent bacterial genera; node size is proportional to degree (number of connections), and node colour denotes bacterial phylum (Proteobacteria = yellow, Firmicutes = green, Actinobacteria = purple, Bacteroidetes = orange, Tenericutes = blue).
1.4. Predicted pathways for anaerobic fermentation and aromatic compound catabolism in larvae and queens
Across both M. mondury and M. capixaba, ANCOM-BC analysis of MetaCyc pathways reveals that bacteria in larvae guts are enriched in predicted functions related to aromatic compound degradation and fermentation (Figure 4; Supplementary Tables S7 and S8, p < 0.05). In M. capixaba larvae gut communities, key routes in aromatic compound catabolism are enriched, including the beta-ketoadipate and catechol degradation pathways (LFC = 6.85, p > 0.001), 4-methylcatechol degradation (LFC = 5.01, p = 0.002), and aerobic phenylacetate degradation I (LFC = 3.23, p = 0.015). Potential fermentative capabilities are equally pronounced. Larval gut displays enrichment for predicted pathways that may indicate production of short-chain fatty acids under low-oxygen conditions, such as acetyl-CoA fermentation to butanoate II (LFC = 4.77, p = 0.009) and pyruvate fermentation to propanoate I (LFC = 2.72, p = 0.009). The overrepresentation of nitrate reduction I (denitrification; LFC = 7.22, p > 0.001) may also indicate the prevalence of an ecosystem tailored to fermentation and acid tolerance. This is further supported by the enrichment of cobalamin synthesis (cob(II)yrinate a,c-diamide biosynthesis II; LFC = 4.95, p > 0.001), which is critical for a potential sustained anaerobic fermentative metabolism. In M. mondury, larval gut is enriched for reductive TCA cycle I (LFC = 5.67, p = 0.003) and metabolic regulator biosynthesis (LFC = 5.05, p = 0.009), consistent with the hypothesis of energy generation under microaerophilic or anaerobic conditions.
The dominance of Erysipelatoclostridium, Ameyamaea, and Anthococcus, all central network hubs in the hive-associated community (Figure 3E; Supplementary Table S11), aligns precisely with these predicted functional signatures of fermentation and acid tolerance, demonstrating that the queen and larval gut microbiota is not only diet-derived but may also be metabolically attuned to thrive in the highly acidic, sugar-rich, and oxygen-limited environment of their diet.
Supplementary discussion
Worker and male microbiota exhibit metabolic versatility and environmental resilience
Compared to the stable, homeostatic conditions experienced by queens and larvae, flying workers (foragers) and males are subject to substantial physiological and environmental stressors. These include thermal fluctuations during foraging and the elevated oxidative demands associated with sustained flight (Frunze et al., 2026; Margotta et al., 2018; Quezada-Euán et al., 2024; Simone-Finstrom et al., 2016). Correspondingly, the microbiota of these groups is enriched with predicted pathways associated with environmental resilience, including biofilm formation (ko02026, ko02027) and lipopolysaccharide (LPS) biosynthesis (ko00540). The presence of these pathways suggests that gut bacteria in foragers and males may possess an enhanced capacity to construct protective extracellular matrices and robust cell-wall components, traits that could help microbial communities withstand fluctuating environmental conditions encountered during foraging (Motta et al., 2024; Quinn et al., 2024; Tang et al., 2025). Notably, although nurses do not fly and remain nest-bound, they still share these enriched functions. This likely results from the social homogenization of the worker microbiota, where intense trophallaxis and physical contact redistribute resilient taxa throughout the worker caste (Kwong et al., 2017; Powell et al., 2014).
Our results showed that several predicted pathways associated with matrix-building and cell-envelope are enriched in worker and male microbiotas. These include carbohydrate and fatty acid biosynthesis pathways that can be associated with membrane and biofilm structure. These metabolic pathways are involved in the processes of production of cell envelope components such as lipopolysaccharides and other structural molecules that contribute to membrane integrity and biofilm stability, which are essential for bacterial colonization (Motta et al., 2024; Tang et al., 2025). Interestingly, although biofilm formation is a characteristic feature of adult stingless bee guts, Melipona species lack Gilliamella, a core symbiont responsible for biofilm architecture in Apis and Bombus (Hammer et al., 2021; Kwong and Moran, 2016; Tang et al., 2025). The enrichment of biofilm-related pathways in our dataset therefore suggests a potential case of functional substitution, whereby other members of the Melipona microbiota may fulfil analogous structural roles within the gut community.
Workers and males also exhibited enrichment of predicted pathways linked to oxidative metabolism, including the tricarboxylic acid (TCA) cycle, oxidative phosphorylation, and ubiquinone biosynthesis. These pathways are central components of aerobic respiration (Abby et al., 2020; Vercellino and Sazanov, 2022; Wang et al., 2025), and their enrichment suggests that bacteria inhabiting these individuals may be able to utilize oxidative metabolic strategies. Such metabolic profiles may reflect the oxidative stress associated with active foraging and sustained flight (Margotta et al., 2018). Consistent with this interpretation, the observed enrichment of predicted pathways associated with osmoprotectants such as ectoine, as well as membrane-stabilizing molecules including norspermidine and peptidoglycan, suggests that the microbiota of workers and males may possess mechanisms that enhance tolerance to osmotic stress, dehydration, and thermal variation during flight during flight (Orhan et al., 2023; Prentice et al., 2024; Yu et al., 2024). These microbial traits could be particularly advantageous for hosts regularly exposed to variable environmental conditions during long-distance foraging flights.
Additionally, enhanced microbial resilience in worker and male microbiota is further supported by the observed enrichment of predicted pathways related to cationic antimicrobial peptide (CAMP) resistance (ko01503) and ABC transporter systems (ko02010). These metabolic pathways suggest that bacteria within worker and male microbiotas may possess increased capacities for toxin resistance and nutrient transport under fluctuating environmental conditions (How et al., 2025; Kuiack et al., 2020). Network analyses reinforce this interpretation, identifying taxa such as Bifidobacterium, Leuconostoc, and Bombella as central hubs within the community. These genera are widely documented in social bees for their ability to metabolize diverse carbohydrates and produce metabolites that stabilize gut microbial communities (Cao et al., 2026; Endo et al., 2022; Härer et al., 2022; Zheng et al., 2019).
Patterns observed in males provide further evidence of microbiota adaptation to external environments. We found that male microbiota exhibits enrichment in two-component systems (ko02020), a major bacterial mechanism for environmental sensing and signal transduction (Ishii and Eguchi, 2021; Liu et al., 2023). Because males do not return to the colony and interact with a wide range of substrates, the presence of these pathways suggests that bacterial populations associated with males may have a greater capacity to detect and respond to rapidly changing environmental conditions.
Predicted pathways for anaerobic fermentation and aromatic compound catabolism in larvae and queens
The enrichment of predicted pathways for detoxification of xylene, benzoate, and polycyclic aromatic hydrocarbons is particularly notable in larvae. This suggests that the larval microbiota may be capable of neutralizing secondary metabolites from pollen or nest materials, like propolis (Kešnerová et al., 2020; Tan et al., 2024). The presence of Pseudomonas in this context highlights the influence of hive architecture on microbiota assembly; these bacteria are likely ingested with nest-derived materials and persist in the larval gut due to its extensive metabolic repertoire for degrading aromatic compounds (Fasolato and Andreani, 2025). While Pseudomonas is prominent in the larval stage, its abundance declines sharply in nurses and foragers. This pattern suggests that although nurses are the primary builders and maintainers of the nest, as the gut matures and the "social core" is established, environmental opportunists are outcompeted by more robust, specialized symbionts (Jones et al., 2024; Mateus et al., 2019; Miller et al., 2019).
The prevalence of anaerobic pathways in larvae, including butanoate fermentation and nitrate reduction, suggests that larval gut bacteria thrive in an ecosystem tailored to oxygen limitation, as these pathways are related to anaerobic fermentation (Buckel, 2021; Kowles, 2018). The synthesis of cobalamin (Vitamin B12) further supports this anaerobic lifestyle, as it is a critical cofactor for enzymes involved in fermentative pathways (Darbyshire and Wolthers, 2024; Vásquez et al., 2022). While no specific pathways were significantly enriched in queens relative to other groups, their extreme taxonomic similarity to larvae suggests a strong functional convergence. This alignment is likely driven by dietary consistency and the stable, sheltered hive environment they share. In both groups, the microbiota appears optimized for the slow, fermentative processing of the acidic, sugar-rich provisions found within the nest, contrasting sharply with the energy-intensive, oxidative metabolism observed in the external worker and male populations.
Supplementary methods
Verification-step PCR
Each 25 µL PCR reaction mixture contained 1.0 µL of extracted DNA, 2.5 µL of PCR buffer, 0.75 µL of MgCl₂, 1 µL of each 005F and 1315R primer (10 µmol/µL concentration), 0.5 µL of dNTPs (10 mM/µL concentration each), 0.2 µL of Platinum Taq DNA Polymerase (Thermo Fisher Scientific), and nuclease-free water to complete the final volume (Botina et al., 2023). The amplification was performed over 29 cycles, consisting of an initial denaturation step at 94 °C for 2 minutes, followed by the cycles detailed as: denaturation at 94°C for 30 seconds, annealing at 50°C for 1 minute, and extension at 72°C for 1 minute and 30 seconds. A final extension step was carried out at 72°C for 5 minutes. Amplification products, including negative and positive controls, were visualized by electrophoresis on a 1% (w/v) agarose gel stained with GelRed.
16S rRNA gene amplification and sequencing
Samples positive for bacterial DNA were subjected to high-throughput amplicon sequencing of the V4–V5 hypervariable region of the 16S rRNA gene. Amplifications were performed using primers 515F (GTGCCAGCMGCCGCGGTAA) and 926R (CCGYCAATTYMTTTRAGTTT) following Walters et al. (2016). The library preparation and sequencing were outsourced to a commercial service provider. 
Sequence processing and ASV inference (DADA2 pipeline)
[bookmark: _Hlk223275895]Raw paired-end reads were processed using the DADA2 pipeline (Callahan et al., 2016) implemented in R v4.5.1 (R Core Team, 2025), following the established DADA2 tutorial workflow. Initial quality assessment of the forward and reverse reads guided the determination of filtering and trimming parameters. Primer sequences were removed using Cutadapt (Martin, 2011), with an error tolerance (-e) of 0.12 and a minimum overlap (-O) of 12 bases. Reads were then filtered using the filterAndTrim() function with the following parameters: maximum expected errors (maxEE) set to two for both forward and reverse reads, minimum quality score for trimming the 3' end (truncQ) set to two, and reads containing ambiguous bases (maxN) set to 0 were discarded. Additionally, low-quality tails and adapters were trimmed. Error rates were learned independently for each read direction using the learnErrors() function, and Amplicon Sequence Variants (ASVs) were inferred using the DADA algorithm (dada() function). Forward and reverse reads were merged (mergePairs() function) requiring sufficient overlap and zero mismatches. Chimeric sequences were subsequently identified and removed using the removeBimeraDenovo() function with the consensus method. Taxonomy was assigned using DADA2's assignTaxonomy() function, employing the naïve Bayesian classifier trained on the SILVA v138.2 (Quast et al., 2012) database for classification from phylum to species level where the confidence permitted. The resulting ASV table, taxonomy table, and sample metadata were then imported into the phyloseq package v1.52.0 (McMurdie and Holmes, 2013) to construct an integrated microbiome object. To ensure biological relevance, non-bacterial sequences were computationally removed, including those identified as mitochondria, chloroplasts, eukaryotic contaminants, and poorly classified ASVs (unassigned above family level). This comprehensive filtering reduced the initial dataset from 1574 raw ASVs to 1296 high-confidence ASVs used for all downstream analyses.
 Alpha and beta diversity analyses
The taxonomic and phylogenetic analysis began by constructing a phyloseq object to integrate the ASV count table, taxonomic assignments, sample metadata, and ASV sequences. The ASV sequences were aligned using the AlignSeqs() function in DECIPHER v3.4.0 (Wright, 2016), and the resulting alignment was converted to a phyDat object. A preliminary neighbor-joining tree (NJ()) was computed from a maximum likelihood distance matrix (dist.ml()), which was then optimized using a maximum likelihood approach (optim.pml()) under the General Time-Reversible (GTR) model, including rate variation across sites (optGamma = TRUE) and invariant sites (optInv = TRUE). This finalized phylogenetic tree was subsequently added to the phyloseq object for downstream phylogenetic diversity metrics.
Initial visualization of community composition was performed by calculating the mean relative abundance of taxa across biological groups. Specifically, we analysed the relative abundance of the selected genera that together accounted for 90% of the total abundance (top 90% abundance genera) after filtering out low-abundance taxa and aggregating the remaining rare genera into an "Other" category. This approach provided a clear, high-level overview of the dominant bacterial composition across castes and life stages.
Alpha diversity metrics, including Shannon, Simpson, and Observed Features, were calculated using the estimate_richness() function from the phyloseq package. To account for the compositional nature of the data and the inherent variability in sequencing depth, and to avoid the statistical artifacts associated with rarefaction, we utilized an ANCOVA-based approach. This method avoids discarding valuable data (as rarefaction does) by incorporating the log10-transformed library size for each sample as a continuous covariate. Group differences in Shannon and Simpson diversity were evaluated using ANCOVA models (aov() function), with biological group (caste, sex, or life stage) as the main factor and log10-library size as a covariate. Post-hoc comparisons were performed using the emmeans (v2.0.0) package (Lenth and Piaskowski, 2017), which calculates estimated marginal means (EMMeans), applying Tukey-adjusted p-values for multiple comparisons. Compact letter displays (CLD) were generated using the cld() function on the EMMeans results for visual interpretation of significant group contrasts.
Beta diversity was systematically analysed by partitioning the main phyloseq object into several ecologically relevant subsets to address specific hypotheses related to life stage, species, and diet. The subsets created included: Simple Stage Progression (SSP), isolating larva and worker castes across both species to assess differentiation with age; Stage Progression per Species (SPS), separating the SSP analysis for M. mondury (SPSM) and M. capixaba (SPSC) to examine species-specific effects; and Caste and Sex (CS), including workers, queens (physogastric and virgin), and males from M. mondury to test for reproductive differences. Since virgin queens and physogastric queens did not differ, we combined virgin and physogastric queens into a single "queen" group to increase statistical power and simplify caste comparisons.
Community distance matrices were computed using both abundance-weighted and phylogenetic metrics: Bray–Curtis (bray), Unweighted UniFrac (unifrac, weighted = FALSE), and Weighted UniFrac (unifrac, weighted = TRUE). These matrices were subjected to dimensionality reduction using Principal Coordinates Analysis (PCoA) and Non-metric Multidimensional Scaling (NMDS) via the ordinate() function, producing ordination objects for each distance-subset combination. For visualization of the Simple Stage Progression (SSP), we specifically plotted the PCoA results using sample centroids and directional arrows to illustrate the hypothesized temporal trajectory of microbial change from larva to nurse to forager. Differences in community structure were formally tested using Permutational Multivariate Analysis of Variance (PERMANOVA), implemented by the adonis2() function in the vegan package v2.7-2 (Oksanen et al., 2025), running 999 permutations. This tested the effect of variables like age (life stage), species, caste, and sex on the measured distance matrices. To visualize hierarchical relationships, sample distances were used to construct dendrograms that collapsed samples by their respective grouping variable, using average-linkage hierarchical clustering (hclust()) and plotted with ggtree() to show the overall similarity topology among the averaged groups.
 Differential abundance analysis of bacterial taxa
The identification of specific microbial taxa driving the observed community structure differences was performed using differential abundance analysis. To enhance interpretability and focus on ecologically relevant units, all Amplicon Sequence Variants (ASVs) were initially collapsed to the genus level using the tax_glom() function in phyloseq. Before analysis, low-abundance taxa and unclassified genera were removed to create a refined phyloseq object. Given the compositional nature of sequencing data, we employed two distinct statistical approaches, DESeq2 and ANCOM-BC2, to ensure robust results that account for variations in sequencing depth and compositional bias.
DESeq2 v1.48.1 (Love et al., 2014) was applied via the phyloseq_to_deseq2 wrapper, which models count data using a negative binomial distribution to test for differences in abundance. The analysis was structured around seven key contrasts reflecting biological hypotheses: A. foragers versus nurses (worker ages); B. workers versus larvae (overall and species-specific); C. species effect (comparing M. mondury to M. capixaba across workers and larvae); and comparisons within M. mondury for reproductive roles: D. workers versus males, E. queens versus males, F. queens versus workers, and G. queens versus larvae. Log-fold changes were shrunken using the ashr method (lfcShrink()) to stabilize estimates, particularly for taxa with low mean counts. As a crucial complementary method, we also utilized ANCOM-BC2 v2.10.1 (Lin and Peddada, 2020), which is specifically designed for compositional data and provides bias-corrected log-fold change estimates and robust hypothesis testing. ANCOM-BC2 was run using the same subsetted objects and fixed effects formulas as the DESeq2 tests, ensuring direct comparison of results. A minimum prevalence cutoff (prv_cut = 0.10) was applied to focus on genera present in at least 10% of samples. 
 Temporal dynamics of microbiota during worker aging
To visually assess the dynamic shifts in the community structure associated with the forager - nurse – larva and queen microbial transition, we constructed alluvial plots (ggalluvial v0.12.5). The analysis focused on the ten most highly abundant genera across the host groups (Erysipelatoclostridium, Ameyamaea, Lactobacillus, Pseudomonas, Anthococcus, Bifidobacterium, Snodgrassella, Prevotella_7, Commensalibacter, and Fructobacillus), with the remaining rare genera aggregated into an "Other" category. The relative abundance of each genus was calculated and visually tracked. To statistically confirm these observed shifts in relative abundance, we performed non-parametric testing on the per-sample relative abundance data for each collapsed genus. The Kruskal-Wallis test (kruskal_test() function in rstatix v0.7.3) was used to determine the overall significance of the change for each genus. For genera where the Kruskal-Wallis test indicated a significant overall difference, Dunn's post-hoc test (dunn_test()), with p-value adjustment for multiple comparisons, was executed to identify the specific pairwise differences driving the observed variation. 
 Functional prediction profiling and microbial network inference
Following the taxonomic analysis, we sought to predict the functional potential of the microbial communities using PICRUSt2 v2.3.0-b (Douglas et al., 2020). This tool utilizes evolutionary placement of ASVs onto a reference phylogeny to infer the abundance of KEGG Orthology (KO) terms, Enzyme Commission (EC) numbers, and MetaCyc metabolic pathways. The PICRUSt2 pipeline was executed on a high-performance cluster, taking the filtered ASV sequence data and count table as input. To ensure high-quality functional predictions, we examined the Nearest Sequenced Taxon Index (NSTI) scores of all ASVs. Across the full ASV table (1296 ASVs), the mean NSTI was 0.226 and the median NSTI was 0.179, consistent with typical values for insect-associated microbiomes. Following established thresholds for non-model hosts (NSTI ≤ 0.35, (Douglas et al., 2020), we removed 258 ASVs (19.9%) that exceeded this cutoff. After applying both NSTI filtering and relative-abundance criteria (≥0.1% in at least one sample), 298 high-confidence ASVs were retained for subsequent PICRUSt2 functional prediction. This filtering strategy ensured that functional inferences were based only on ASVs with reliable phylogenetic placement. NSTI values below 0.25 are considered high quality for environmental samples (Douglas et al. 2020), indicating that the majority of ASVs in our dataset fall within a reliable prediction range.
The filtered ASV count table was computationally multiplied by the PICRUSt2-predicted functional tables (KO and EC counts per ASV) to generate functional counts per sample. These new functional count tables were then merged with the sample metadata to create phyloseq objects. The same DESeq2 differential abundance analysis workflow previously applied to taxonomic genera was re-run on these functional counts across all seven key contrasts (e.g., foragers vs. nurses, workers vs. larvae), yielding log2-fold change estimates and adjusted p-values for individual KO terms and EC numbers. Shrinkage of LFC estimates was performed using lfcShrink (type = "ashr") to improve interpretability.
To translate individual KO differences into pathway-level patterns, we conducted KEGG enrichment analyses using clusterProfiler v4.16.0 (Yu et al., 2012). First, a custom TERM2GENE mapping database was generated by downloading all KEGG pathways and their associated KO identifiers via KEGGREST v1.48.1 (Tenenbaum and Maintainer, 2025. For each DESeq2 contrast, significantly differentially abundant KOs (padj < 0.05) were tested for over-representation in KEGG pathways using a hypergeometric model. We also calculated the mean log2-fold change (LFC) of all significant KO terms belonging to each enriched pathway, providing an estimation of the pathway's overall direction of change (enriched or depleted).
MetaCyc pathway abundance predictions were also imported from PICRUSt2’s output. Pathway metadata (MetaCyc IDs, hierarchical levels, functional descriptions) were added as a taxonomy table (taxa_table()) to a phyloseq object. Principal Coordinates Analysis (PCoA) based on Bray-Curtis distance was used to visualize the overall separation of functional potential (MetaCyc pathways) between the different groups, and PERMANOVA was performed to statistically test the significance of factors like age and caste on the functional profile. Because pathway tables represent compositional count data, we employed ANCOM-BC2 for robust differential abundance tests. For each key biological contrast, we ran ANCOM-BC2 with bias correction and detection thresholding (prevalence cutoff = 10%). Significant pathways (q < 0.05) were used to create “focused” functional ordinations, allowing visualization of only biologically meaningful pathways that contributed to group separation.
 Microbial and pathway co-occurrence networks
To infer putative ecological interactions among gut bacterial taxa, we constructed co-occurrence networks using two complementary approaches designed for compositional metagenomic data: SpiecEasi and SparCC. Because correlation estimates from relative abundance data are highly sensitive to sparsity and compositional constraints, we first applied a stringent filtering procedure to the genus-level abundance table to reduce noise and prevent spurious associations. ASVs were agglomerated to the genus level, and genera lacking taxonomic assignments were removed. We calculated per-genus total read count, prevalence across samples, and maximum relative abundance, and retained only genera that satisfied at least one of the following criteria: prevalence in ≥15% of samples, total counts ≥50 reads, or a maximum relative abundance ≥0.1% in at least one sample. This hybrid filtering strategy removes extremely rare taxa, attenuates compositional distortions caused by dominant genera, and yields a more stable input matrix for network inference.
Filtered count tables were extracted from the resulting phyloseq object and formatted as sample-by-taxon matrices with samples in rows. Network inference using SpiecEasi v1.1.13 (Kurtz et al., 2015) was performed with the Meinshausen–Bühlmann (MB) neighborhood selection method, which estimates sparse inverse covariance matrices while correcting for compositionality through graphical model inference. Regularization parameters were explored along a sequence of 20 λ values, with model selection guided by the Stability Approach to Regularization Selection (StARS), using 20 subsampling replicates. The final refit adjacency matrix was converted into an igraph object, in which edges represent conditional dependencies (putative ecological interactions) that persist after accounting for the joint covariance structure of all taxa.
A second, correlation-based network was generated using SparCC (Friedman and Alm, 2012), as implemented in the SpiecEasi package. SparCC estimates linear correlations that are robust to compositional data by inferring correlations from log-ratio transformed abundances. Correlation matrices were computed for all pairs of genera, and edges were defined as associations with absolute correlations exceeding 0.3. Although SparCC is less conservative than covariance-based methods, its sensitivity complements the specificity of SpiecEasi, allowing cross-validation of co-occurrence patterns.
To compare network structures, edges from the SpiecEasi and SparCC graphs were converted into data frames, labelled by method, and merged to identify consensus and method-specific associations. A combined “consensus network” was created by unifying the two edge sets and assigning each edge a weight corresponding to the number of methods supporting it (1 = unique to one method; 2 = shared by both). Taxonomic metadata (genus and phylum) were mapped to each node, and node-level metrics (degree, connectivity class) were computed using igraph v2.2.1 (Csárdi et al., 2025). Network statistics were estimated for each network independently and for the consensus network. These included number of nodes and edges, density, mean degree, global transitivity, and modularity (fast-greedy community detection.
For visualization and topological exploration, the consensus edge list and annotated node table were imported into Cytoscape v3.10.4 (Shannon et al., 2003) via RCy3 v2.28.1. Edges were styled according to their weight (method consensus), using thicker or coloured edges to highlight associations recovered by both methods. Nodes were coloured by bacterial phylum and scaled by degree to emphasize highly connected taxa (putative hubs). A force-directed layout algorithm was applied to optimize readability and reveal community structure.
In addition to taxonomic networks, we also constructed functional co-occurrence networks using MetaCyc pathways predicted by PICRUSt2. After filtering pathways to those significantly associated with group differences (ANCOM-BC2 and DESeq2), we repeated the same two-method inference workflow using SpiecEasi MB graphical models and SparCC correlations. Pathways were annotated with their second-level and top-level MetaCyc classifications, enabling visualization of functional modules and identification of highly connected pathway hubs. SpiecEasi- and SparCC-derived functional networks were analysed separately, and their shared edges were combined into a consensus functional network. To identify the most interconnected functional categories, we plotted a pie chart showing the distribution of edge counts across MetaCyc pathway classes in the consensus functional network.
Legends
Supplementary Table S1. Sample metadata, including developmental stage, caste, sex, and numbers of different categories of individuals of Melipona capixaba and Melipona mondury
Supplementary Table S2. Alpha diversity metrics for individual gut microbiota samples of Melipona capixaba (MC) and Melipona mondury (MM) across different life stages, castes, and sex. Metrics include Observed richness (ASVs), Shannon diversity index, and Simpson evenness index. Sample prefixes denote the host species
Supplementary Table S3. Analysis of Covariance (ANCOVA) and post-hoc contrast tests of alpha diversity indices (Shannon and Simpson) across biological groups and developmental stages of Melipona capixaba and Melipona mondury. It includes estimated marginal means, standard errors, and pairwise comparisons (contrasts) with adjusted p-values for Shannon and Simpson diversity indices
Supplementary Table S4. PERMANOVA models testing differences in gut microbiota composition across life stages, castes, sexes
Supplementary Table S5. Differentially abundant bacteria identified among biological groups of Melipona capixaba and Melipona mondury. The table presents pairwise contrasts (e.g., workers vs. larvae) with their respective Log2 Fold Change (LFC) and adjusted p-values (p.adjust). Positive LFC values indicate enrichment in the first group of the contrast, while negative values indicate enrichment in the second. Results are integrated from two statistical frameworks, ANCOM-BC and DESeq2, to ensure the robustness of the taxonomic signatures identified
Supplementary Table S6. Dunn’s post hoc test results for comparisons shown in Figure 3, and relative abundances of the top bacterial genera, families, and phyla by host group
Supplementary Table S7. Differential abundance analysis of MetaCyc functional pathways. Analysis was performed using ANCOM-BC on output from the PICRUSt2 pipeline. The table displays pairwise contrasts between specific host groups (e.g., Larvae vs. Workers), including pathway names, MetaCyc ontologies (Superclass and Class), and statistical parameters such as Log Fold Change (LFC), Standard Error (SE), and W-statistics. Positive LFC values indicate functional enrichment in the first group of the contrast, while negative values indicate enrichment in the second. Multiple testing was corrected using the Benjamini-Hochberg method, with adjusted p-values (q-values) used to determine significance (q < 0.05). Robustness of the results is indicated by the "passed_ss" and "diff_robust" logical flags
Supplementary Table S8. KEGG pathway enrichment analysis of the functional potential within the gut microbiotas of Melipona capixaba and Melipona mondury. Enrichment was performed using the clusterProfiler R package based on Kyoto Encyclopedia of Genes and Genomes (KEGG) Orthology (KO) terms predicted by the PICRUSt2 pipeline. The table details pairwise contrasts between biological groups (e.g. larvae vs. workers), including Pathway IDs, Descriptions, Gene Ratios, and Fold Enrichment scores. Statistical significance was assessed using p-values and q-values (Benjamini-Hochberg adjusted). The direction of functional shifts is indicated by the mean and median Log Fold Change (LFC) of all significantly differential KOs (n_sig_KOs) contributing to each specific metabolic pathway
Supplementary Table S9. Permutational Multivariate Analysis of Variance (PERMANOVA) based on Bray-Curtis distances of MetaCyc functional pathways. Analyses were performed on two distinct datasets: (i) the "Whole data," encompassing all predicted MetaCyc pathways, and (ii) the "ANCOM-BC data," restricted to pathways identified as significantly differentially abundant. Permutations (999) were used to determine the significance of the pseudo-F statistic. R² values represent the proportion of variance explained by the biological group. Significance levels: * P < 0.05; ** P < 0.01; *** P < 0.001
Supplementary Table S10. Topological properties and co-occurrence patterns of MetaCyc functional pathway networks in the Melipona gut microbiota. The table summarizes the network architecture derived from two distinct correlation frameworks: SpiecEasi and SparCC. Edge data includes source-target pairs and their associated weights, while Node data details the MetaCyc ontologies (Pathway Class and Superclass) and node degree (connectivity). Global network metrics are provided
Supplementary Table S11. Topological properties and node metadata for the microbial co-occurrence networks of the Melipona gut microbiota. The table details node-level attributes, including taxonomic identification (Genus and Phylum) and node degree (connectivity). Global network statistics are provided for networks generated via SpiecEasi, SparCC, and a Merged approach. The "methods" column indicates which correlation frameworks identified each specific node or edge
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