Supplementary Methods
Whole-Genome Sequencing, Variant Calling, and Ancestry PC Derivation
Whole-genome sequencing (WGS) was performed on blood-derived DNA samples. Genomic DNA was extracted from peripheral whole blood using the Gentra Puregene Blood Kit (Qiagen, USA). DNA concentration and purity were assessed using a NanoDrop 2000 spectrophotometer, and all samples were stored at −80 °C prior to library preparation. For each sample, 300 ng of genomic DNA was used as input material. Sequencing libraries were constructed using the KAPA DNA LTP library preparation kit (KAPA Biosystems, USA) on a Biomek FX Laboratory Automation Workstation (Beckman Coulter, USA). Library preparation involved DNA nanoball (DNB) generation through ligation-mediated polymerase chain reaction, followed by single-strand separation, cyclization, and rolling-circle amplification. WGS was conducted at an average sequencing depth of approximately 15× using the DNBSEQ-500 platform (BGI Americas Corporation, Cambridge, MA, USA), generating paired-end reads with an insert size of 350 bp. After quality control, sequencing reads were aligned to the human reference genome (GRCh38/hg38) using the Burrows–Wheeler Aligner (BWA, v0.7.12) [1]. Variant calling was performed following the Genome Analysis Toolkit (GATK, v4.0.3) Best Practices workflow [2]. Single-nucleotide polymorphisms (SNPs) and insertions/deletions (InDels) were identified using GATK HaplotypeCaller, and variant quality score recalibration (VQSR) was applied to obtain high-confidence variant calls [3]. Variants labeled as “PASS” in the final VCF files were retained for downstream analyses. For SNP recalibration, the VQSR model was trained using multiple high-quality reference datasets, including HapMap v3.3, Omni 2.5M genotyping array data, and high-confidence SNP sites from the 1000 Genomes Project [4-6]. Variant annotations used as features in the recalibration model included sequencing depth (DP), quality by depth (QD), Fisher strand bias (FS), strand odds ratio (SOR), and read position rank sum (ReadPosRankSum) [7].
Genome-wide SNP data were processed using PLINK v1.9 [8] following standard quality control and linkage disequilibrium (LD) pruning procedures prior to ancestry inference. Briefly, autosomal variants (chromosomes 1–22) were filtered to retain SNPs only, excluding variants with minor allele frequency (MAF) < 0.05, genotype missingness > 5%, or deviation from Hardy–Weinberg equilibrium (P < 1 × 10⁻⁶). These filters were applied independently to each chromosome, and the resulting high-quality SNP sets were carried forward for LD pruning 
To obtain a set of approximately independent variants for ancestry estimation, LD pruning was performed on each chromosome using a sliding window of 50 SNPs, advanced by 5 SNPs per step, with an LD threshold of r² < 0.2. SNPs retained after pruning were extracted to generate LD-reduced genotype datasets. The pruned SNPs across all autosomes were then merged into a single dataset for principal component analysis (PCA).
PCA was conducted on the LD-pruned, genome-wide SNP set using PLINK’s eigen decomposition implementation. The leading principal components represent major axes of global genetic ancestry and capture broad-scale population structure in the cohort [9]. 
Experimental and Bioinformatic Procedures for Metagenomic Data Generation
Shotgun metagenomic sequencing was performed on stool samples. Fecal samples were self-collected using the OMNIgene•GUT (OMR-200) stabilization kit (DNA Genotek, Ottawa, Canada) and immediately stored at −80 °C until DNA extraction. Microbial DNA was isolated using the NucleoSpin Soil kit (MACHEREY-NAGEL) in accordance with the manufacturer’s protocol, following previously published procedures [10-16]. Purified DNA was eluted in 50 μl elution buffer and stored at −80 °C prior to library preparation.
Sequencing was conducted at two facilities: 481 samples were processed at LC Sciences (Houston, TX), and 1,990 samples at BGI Americas (Cambridge, MA). For samples sequenced at LC Sciences, DNA libraries were prepared using the TruSeq Nano DNA LT Library Preparation Kit (Illumina) and sequenced in paired-end mode (2 × 150 bp) on an Illumina HiSeq 4000 platform, following standard vendor protocols [17].
Raw sequencing data were subjected to a standardized quality control and preprocessing pipeline. Adapter sequences were removed using cutadapt v1.9 [18], and low-quality bases were trimmed with fqtrim v0.94 [19] using a sliding-window approach. Reads mapping to the human reference genome were excluded using bowtie2 v2.2.0 to eliminate host contamination [20]. High-quality reads were assembled de novo on a per-sample basis using IDBA-UD v1.1.1 [21]. Protein-coding genes were predicted from assembled contigs with MetaGeneMark v3.26 [22]. Predicted coding sequences from all samples were clustered into a non-redundant unigene set using CD-HIT v4.6.1 [23]. Unigene abundances were quantified as transcripts per million (TPM) based on read alignment counts generated by bowtie2 [20]. Taxonomic annotation was assigned using a lowest common ancestor strategy based on sequence similarity searches against the NCBI non-redundant (NR) protein database using DIAMOND v0.9 [24-26].
For samples sequenced at BGI Americas, sequencing libraries were prepared using the MGI Easy Universal DNA Library Prep Set (MGI Inc.) and sequenced in paired-end mode (2 × 100 bp) on the BGI DNBSEQ platform according to standard protocols. Raw sequencing reads underwent quality filtering using Fastp [27] to remove low-quality reads and adapter contamination. Filtered reads were then aligned to the human reference genome using bowtie2 to exclude host-derived sequences [20]. The resulting high-quality, non-host reads were retained for downstream shotgun metagenomic analyses. Taxonomic profiling of the microbial community was performed using MetaPhlAn2, which estimates the relative abundance of microbial taxa based on clade-specific marker genes [28]. Functional profiling was conducted using HUMAnN2, which integrates taxonomic information to reconstruct species-resolved metabolic pathways and quantify stratified pathway abundance and pathway coverage [29]. Pathway abundance represents the reconstructed abundance of each metabolic pathway, estimated from the abundances of contributing gene families and resolved by microbial taxa, while pathway coverage reflects the fraction of pathway reactions detected in the metagenome [29].

Alternative deep neural network modeling baselines
1. Manifold-alignment baseline (i.e., TaxoMA)
We implemented a geodesic-distance–based manifold alignment procedure to construct a subject–subject correspondence matrix between clinical covariates and microbiome features. For the clinical view, a mixed-type distance metric accounting for continuous and categorical variables was computed [30]. For the microbiome view, species-level relative abundance profiles were Centered Log-Ratio (CLR)-transformed and represented in a balance space prior to computing inter-subject distances [31]. For each modality, k-nearest-neighbor graphs (k = 15) were constructed and geodesic distance matrices were obtained via shortest-path computation [32]. An alignment matrix  was then estimated to align the geodesic structures of the two views, and used to aggregate view-specific representations through cross-view message passing [33, 34]. The resulting fused representations were used for supervised BMD prediction under the same internal evaluation protocol as SAMECAT.
2. Principal Balance–Based Baseline (i.e., PBContrast)
In the main-text comparison, PBContrast constructed on the filtered feature space (≥5% prevalence in the BGI tuning data) was evaluated against SAMECAT trained on the full species set to determine whether balance-based compositional transformation can intensify predictive signals and mitigate information loss under reduced feature availability. For completeness, a controlled comparison in which both PBContrast and SAMECAT were trained on the same prevalence-filtered species set is provided in Supplementary Fig. S2.
Compositional data were transformed into isometric log-ratio (ILR) principal balances using a PCA-guided constrained principal component approach [35] within the compositional data framework [31]. Species abundances were first CLR transformed, principal component analysis was performed in CLR space, and principal balances were constructed by approximating principal component loading vectors with log-contrast representations that partition taxa into two groups. 
Within the BGI tuning set, balance scores were evaluated for association with the corresponding BMD outcome using multivariable linear regression adjusted for clinical covariates. Balances with nominal significance () were retained as microbiome-derived predictors. Balance construction and selection were performed using BGI tuning data only, and the selected balance bases were applied unchanged to the testing set to prevent information leakage.
For predictive modeling, the selected principal balances replaced the taxonomy-aware MIOSTONE encoder in the SAMECAT framework and were provided as inputs to a Multi-Layer Perceptron (MLP). The remaining architecture and training protocol were kept identical to SAMECAT, including the two-phase training scheme consisting of (i) an unsupervised representation learning phase guided by deep divergence-based clustering and (ii) a supervised prediction phase optimized for BMD prediction with contrastive learning regularization. Performance was evaluated under the same internal evaluation protocol to ensure direct comparability across methods.
Hyperparameter Tuning and Stability Assessment for Spectral Clustering
Spectral clustering outcomes depend on several hyperparameters, including the number of nearest neighbors (), the similarity edge threshold (), and the target number of modules () [36]. To ensure robustness and reproducibility of attribution-driven module discovery, we performed an explicit hyperparameter tuning and stability assessment procedure.
For each skeletal site, spectral clustering was evaluated across a grid of hyperparameter combinations. Clustering stability was assessed using a bootstrap-based resampling strategy [37], in which subjects were resampled with replacement to generate bootstrap versions of the Expected Gradient (EG) attribution matrix. For each bootstrap replicate, spectral clustering was re-applied and the resulting feature cluster assignments were compared to the reference clustering obtained from the original dataset.
Agreement between bootstrap-derived and reference cluster assignments was quantified using normalized mutual information (NMI) and adjusted Rand index (ARI) [38, 39]. NMI measures the shared information between two cluster assignments and is normalized to facilitate comparison across different clustering solutions. ARI evaluates pairwise consistency by quantifying how frequently pairs of features are assigned to the same or different clusters in both solutions and adjusts this agreement relative to what would be expected under random clustering. NMI emphasizes global structural similarity while ARI is more sensitive to local feature reassignments, the two metrics provide complementary assessments of clustering stability. Both metrics increase with greater agreement between cluster assignments; NMI ranges from 0 (no shared information) to 1 (identical cluster assignments), whereas ARI is centered at 0 under random assignment and approaches 1 for perfect agreement, with negative values indicating less agreement than expected by chance.
In addition to clustering reproducibility, graph structural diagnostics were recorded for each hyperparameter configuration, including the median number of connected components in the affinity graph, the number of isolated nodes, and the number of modules remaining after post hoc merging based on similarity of the subject-level mean EG score across all species assigned to a given module. Full details of the composite stability score integrating clustering reproducibility and graph structural diagnostics, as well as its use for spectral clustering hyperparameter selection, are provided as follows.
Composite Stability Criterion for Hyperparameter Selection – Spectral Clustering
To select a robust and interpretable clustering configuration, we evaluated candidate hyperparameter settings using a composite stability score that integrates clustering reproducibility and graph structural diagnostics. Rather than combining raw metrics directly, all quantities were first normalized to ensure comparability across scales and to reduce sensitivity to outliers.
For each configuration, we computed the following summary metrics:
· : mean normalized mutual information across bootstrap resamples.
· : mean adjusted Rand index.
· : median number of connected components.
· : median number of isolated nodes.
· : median number of merged modules.
All metrics were standardized using a median-centered transformation scaled by the median absolute deviation (MAD), a robust scale estimator [40]. Metrics where larger values indicate better performance (e.g., , ) were retained as positive contributions, whereas metrics where smaller values are preferred (graph fragmentation, isolated nodes, deviation from a target module count) were sign-inverted after normalization.
Let the normalized metric vector for configuration  be:

where:
· 
· 
· 
A baseline weight vector was defined heuristically to reflect the relative importance of stability and structural coherence:

corresponding to . The composite score was used solely as a ranking criterion for hyperparameter selection rather than as an optimized objective.
To ensure that hyperparameter selection was not overly sensitive to a single weight choice, we evaluated robustness under multiplicative perturbations of the baseline weights:

with . After perturbation, weights were renormalized to sum to one.
For a given weight vector , the composite score for configuration  is:

For each configuration, composite scores were computed across  random re-weightings, yielding a score distribution .
We summarized robustness using:
· 
· 
· Win-rate, defined as the proportion of weight perturbation draws in which a configuration achieved the highest composite score across all candidate hyperparameter settings.
Configurations were ranked primarily by score_p10 (conservative robustness criterion), with score_mean and win-rate used as secondary and third tiebreakers, respectively. The top-ranked configuration was selected for downstream interpretation.
Threshold tuning for module-wise pathway association analysis
To prioritize robust and non-trivial module–pathway relationships, we introduced three screening thresholds to control pathway inclusion and selected their final values independently for each skeletal site via grid search.
To ensure that retained pathways were sufficiently present across subjects, we filtered candidate pathways using HUMAnN2 pathway coverage [29]. For each module–pathway pair, we computed a coverage prevalence statistic:
· For each subject, a pathway was considered “covered” if its module-level aggregated pathway coverage (see Methods) was at least cov_thr.
· Prevalence was defined as the fraction of subjects meeting this criterion.
Pairs were retained only if prevalence ≥ prev_thr. In other words, pathways were required to have coverage ≥ cov_thr in at least prev_thr × 100% of subjects.
After prevalence filtering, we removed weak associations by requiring |Spearman ρ| ≥ min_abs_rho.
We performed a grid search over candidate threshold values:
· cov_thr ∈ {0.05, 0.10, 0.20, 0.30}
· prev_thr ∈ {0.30, 0.50, 0.70}
· min_abs_rho ∈ {0.10, 0.15, 0.20}
For each skeletal site and each configuration, we generated the retained module–pathway set after coverage–prevalence filtering, minimum-|ρ| filtering, and within-module FDR control. Because computing bootstrap stability (see Methods) for all retained pairs can be computationally intensive, stability was estimated on a representative subset consisting of the top 10 retained pathways per module, ranked by FDR q-value (ascending) and then by |ρ| (descending) for ties. For these top-ranked pairs, we computed bootstrap stability and summarized robustness using the median and mean stability across the subset.
Candidate configurations were compared based on (i) high stability among top-ranked module–pathway pairs and (ii) yielding a sufficiently sized set of retained associations for interpretation, thereby avoiding overly stringent settings that discard the majority of candidate associations and overly permissive settings that introduce excessive noise.
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