Supplementary materials
Table of Contents
Supplementary methods	2
1.	LC - MS/MS Proteomics and Phosphoproteomics	2
2.	Untargeted Metabolomics	5
3.	Targeted Metabolomics	6
4.	Metabolomics data processing and normalization	9
5.	Software	10
6.	Abstract plot	10
7.	Statistical Analyses	10
7.1	Transcriptomic Data Preprocessing and Normalization	10
7.2 Proteomic Data Preprocessing and Normalization	11
7.3 Phosphoproteomic Data Preprocessing and Normalization	12
7.4 Metabolomic Data Preprocessing and Normalization	13
7.5 Differential Analysis	15
7.6 Fast Gene Set Enrichment Analysis	15
7.7 Kinase–Substrate Enrichment Analysis	16
7.8 Weighted Gene Co-expression Network Analysis	16
7.9 WGCNA Module Over-Representation Analysis	17
7.10 Multi-omics molecular interaction network analysis using OmicsNet 2.0	18
8.	Statement on Animal Models and Strain Consistency	21
Reference	22
Supplementary results	25
sFigure.1 Heatmaps depict Z‑score–normalized abundance patterns of metabolite modules across male and female rats at different training time points. 	25
sFigure.2 Graphical model of training-associated sex-biased multi-omic metabolic states.	26
sFigure.3 Integrated molecular network and pathway enrichment analysis of sex-specific liver responses in male rats following 8 weeks of endurance training. 	26
sFigure.4 Integrated molecular network and pathway enrichment analysis of sex-specific liver responses in female rats following 8 weeks of endurance training.	27
sFigure.5 Top 5 differentially expressed genes between male and female rats in the transcriptomic profile during endurance training.	27
sFigure.6 Top 5 differentially expressed proteins between male and female rats in the proteomic profile during endurance training.	28
sFigure.7 Top 5 differentially expressed phosphoproteins between male and female rats in the phosphoproteomic profile during endurance training.	28
sFigure.8 Top 5 differential metabolites between male and female rats in the metabolomic profile during endurance training.	29
sFigure.9 Original data of the Western blotting. 	29
sFigure.10 Selection of omics-specific soft-thresholding powers for WGCNA.	30
Abbreviation	30

[bookmark: _Toc233837484]Supplementary methods
1. [bookmark: _Toc233837485]LC - MS/MS Proteomics and Phosphoproteomics
Proteomics analyses were performed using clinical proteomics protocols with full details provided here[1]. Live tissue specimens were lysed, and the protein concentration was ascertained via the BCA assay[1]. Subsequently, the protein lysates underwent a sequence of manipulations. Initially, they were incubated with 5 mM dithiothreitol (DTT, Sigma - Aldrich) for 1 hour at 37 °C. During this incubation, the samples were placed on a thermomixer and agitated at 1000 rpm. Subsequently, iodoacetamide (IAA, Sigma - Aldrich) was introduced, and the samples were alkylated in the dark for 45 minutes at 25 °C, with continuous shaking at 1000 rpm. After that, the lysates were diluted at a 1:4 ratio with Tris - HCl (pH 8.0).
For protein digestion, an enzymatic strategy was implemented. First, LysC endopeptidase (Wako Chemicals) was utilized at an enzyme - to - substrate ratio of 1:50. The digestion was conducted for 2 hours at 25 °C with shaking at 850 rpm. This was followed by digestion with trypsin (Promega) at a ratio of 1:10 for 14 hours under identical temperature and shaking conditions (25 °C, 850 rpm). To halt the digestion process, formic acid was added to achieve a final concentration of 1%. The resulting peptides were then desalted using Sep - Pac C18 columns (Waters), and the BCA assay was employed to measure the final peptide concentrations[1].
In the context of isobaric labeling, peptide aliquots (400 μg per sample) were re - suspended in 200 mM HEPES (pH 8.5) to a final concentration of 5 μg/μL. The samples were randomly allocated to the first 10 channels of tandem mass tag (TMT) 11 - plexes (ThermoFisher Scientific). The last channel (131C) of each multiplex served as a common reference, which was a blend of peptides from all samples. The TMT reagent was added to each sample at a peptide - to - TMT ratio of 1:1, and the labeling reaction took place for 1 hour at 25 °C with shaking at 400 rpm. After quality - control assessments of the labeling procedure, the reactions were quenched with hydroxylamine. The samples within each multiplex were combined and desalted using Sep - Pac C18 columns (Waters).
Each combined TMT multiplex was fractionated through high - pH reversed - phase separation and concatenated into 24 fractions. 5% of each fraction was set aside for global proteome analysis, while the remaining 95% was further concatenated into 12 fractions. These fractions were then subjected to phosphopeptide enrichment using immobilized metal affinity chromatography (IMAC). 
For mass spectrometry analysis of the global proteome, an online separation approach was adopted. A nanoAcquity M - Class UHPLC system from Waters was utilized, coupled with an in - house packed 25 cm x 75 μm inner - diameter picofrit column filled with C18 silica (specifically, 1.7 μm UPLC BEH particles from Waters Acquity). The samples were then analyzed using a Q Exactive HF mass spectrometer from ThermoFisher Scientific.
In the case of phosphoproteome samples, a distinct online separation setup was employed. A Dionex Ultimate 3000 UHPLC system from ThermoFisher Scientific was used, along with an in - house packed 30 cm x 75 μm inner - diameter picofrit column filled with the same 1.7 μm UPLC BEH C18 silica particles from Waters Acquity. These phosphoproteome samples were analyzed with a Q - Exactive HFX mass spectrometer from ThermoFisher Scientific.
For liver global proteome and IMAC-enriched phosphoproteome LC-MS/MS acquisition, online chromatographic separation was performed using a nano-flow LC system with an in-house packed C18 silica picofrit capillary column heated to 50 °C. The mobile phase flow rate was 200 nL/min. Solvent A consisted of 3% acetonitrile and 0.1% formic acid, and solvent B consisted of 90% acetonitrile and 0.1% formic acid. For global proteome analysis, 2 μg of peptide material was loaded on-column in a 1 μL volume. For IMAC-enriched phosphoproteome analysis, 50% of each enriched phosphopeptide fraction was injected in a 4 μL volume. The 110-minute LC-MS/MS method used for both global proteome and IMAC phosphoproteome analysis included column equilibration, sample loading, and the following solvent B gradient: 0 min, 1% B; 1 min, 6% B; 63 min, 20% B; 85 min, 30% B; 94 min, 60% B; 95 min, 90% B; 100 min, 90% B; 101 min, 50% B; and 110 min, 50% B.
Global liver proteome samples were analyzed using a Q Exactive Plus mass spectrometer operated in positive ion mode. Data-dependent MS/MS acquisition was performed with the following parameters: spray voltage, 1.8 kV; MS1 resolution, 60,000; MS1 automatic gain control target, 3 × 10^6; MS1 mass range, 300–1800 m/z; MS2 resolution, 45,000; MS2 automatic gain control target, 5 × 10^4; isolation window, 0.7 m/z; MS2 maximum injection time, 105 ms; higher-energy collisional dissociation collision energy, 29%; dynamic exclusion, 20 s; peptide match set to preferred for monoisotopic peak determination; and accepted precursor charge states, 2-6.
IMAC-enriched liver phosphopeptides were analyzed using a Q Exactive HF-X mass spectrometer operated in positive ion mode. Data-dependent MS/MS acquisition was performed with the following parameters: spray voltage, 1.5 kV; MS1 resolution, 60,000; MS1 automatic gain control target, 3 × 10^6; MS1 mass range, 350–1800 m/z; MS2 resolution, 45,000; MS2 automatic gain control target, 5 × 10^4; isolation window, 0.7 m/z; MS2 maximum injection time, 105 ms; higher-energy collisional dissociation collision energy, 31%; dynamic exclusion, 15 s; peptide match set to preferred for monoisotopic peak determination; and accepted precursor charge states, 2-6. The advanced precursor determination feature was turned off in the instrument tune file using a software patch provided by Thermo Fisher Scientific[2].
Quantitative analysis utilized log2 - transformed TMT intensity ratios, which were normalized against the universal reference (complete mass spectrometry data processing protocols are elaborated in the MoTrPAC consortium methodology). Data filtration eliminated contaminant proteins and non - unique peptides with quantification absent in ≥2 experimental batches. Normalization entailed a two - stage process: (1) intra - sample adjustment via median centering and MAD scaling, followed by (2) inter - batch correction using the limma::removeBatchEffect algorithm in R [3]. 
2. [bookmark: _Toc233837486]Untargeted Metabolomics
In this study, we carried out analyses of polar metabolites under positive ionization mode through hydrophobic interaction liquid chromatography (HILIC). 
To start with, 10 mg of cryopulverized tissue was retrieved. This tissue specimen was homogenized within 300 μL of a specifically formulated solution. The solution, having a volume - to - volume ratio of 10/67.4/22.4/0.018, was a blend of water, acetonitrile, methanol, and formic acid, and it also contained stable isotope–labeled internal standards. After the homogenization process was finished, the resultant mixture was subjected to centrifugation at 9,000 x g for 10 minutes.
The supernatants obtained from the centrifugation were meticulously injected into a HILIC column (produced by Waters). For the ensuing analysis, a Q - Exactive hybrid quadrupole Orbitrap mass spectrometer (manufactured by ThermoFisher Scientific) was utilized, which was configured to operate in the positive mode.
Regarding the processing of the raw data, multiple software tools were employed. TraceFinder software (from ThermoFisher Scientific) was used for targeted peak integration. Moreover, Progenesis QI software (from Nonlinear Dynamics, Waters) was applied to detect and integrate peaks. This software was capable of dealing with both metabolites with confirmed identities and those whose identities were yet to be determined.
At the Broad Institute of MIT and Harvard, comparable analyses of polar metabolites were performed using hydrophobic interaction liquid chromatography (HILIC) in the positive ionization mode. 
We took 10 mg of cryopulverized tissue and homogenized it in 300 μL of the same solution with a volume - to - volume ratio of 10/67.4/22.4/0.018, composed of water, acetonitrile, methanol, and formic acid, along with stable isotope–labeled internal standards. Once homogenization was complete, the mixture was centrifuged at 9,000 x g for 10 minutes.
The supernatants were then introduced into a HILIC column (Waters). Subsequently, a Q - Exactive hybrid quadrupole Orbitrap mass spectrometer (ThermoFisher Scientific) running in the positive mode was employed for the analysis. 
For the raw data processing, TraceFinder software (ThermoFisher Scientific) was utilized for targeted peak integration. Progenesis QI software (Nonlinear Dynamics, Waters) was used for peak detection and integration, suitable for both recognized and unrecognized metabolites [4, 5]. 
3. [bookmark: _Toc233837487]Targeted Metabolomics
We carried out targeted analyses to quantify branched - chain keto acids, acyl - CoAs, and nucleotides. For the measurement of branched - chain keto acids, we adopted an extraction protocol. As detailed in the previous research[6], we extracted 10 μL of plasma or 200 μL of tissue homogenate with ethyl acetate. In terms of acyl - CoA extraction, following the techniques described in previous studies for liquid[7] and solid[8] phase extractions, we used 500 μL of tissue homogenate. The extraction of nucleotides followed the procedures presented in the previous research[9, 10].
After the extractions were completed, the samples were centrifuged at 14,000 x g for 5 minutes. Subsequently, we examined the supernatants using LC - MS/MS with a Xevo TQ - S triple quadrupole mass spectrometer from Waters. To determine the endogenous concentrations, we spiked tissue homogenates (for acyl - CoAs and nucleotides) or fetal bovine serum (for keto acids) with authentic analytes obtained from Sigma - Aldrich.
We employed targeted assays to measure amino acids, amino metabolites, TCA cycle metabolites, ceramides, and acylcarnitines. For amino acids and amino metabolites, we extracted and analyzed 5 mg of tissue homogenate according to the methods described in the previous researches[11, 12]. We carried out the extraction of ceramides and sphingolipids from 5 mg of tissue homogenate as previously reported in the previous researches[13, 14]. Similarly, we extracted acylcarnitines from 5 mg of tissue homogenate using the methods described in the previous researches[15].
We extracted TCA metabolites from 5 mg of tissue and quantified them using GC - MS as described in the previous researches[16, 17], with minor modifications as reported elsewhere. 
We used targeted assays to quantify amino acids, amino metabolites, TCA cycle metabolites, ceramides, and acylcarnitines. 
For the investigation of amino acids and their associated metabolites, we carefully chose 5 mg of tissue homogenate. The extraction and subsequent analysis steps were carried out according to the methodologies described in previous research[17].
Regarding ceramides and sphingolipids, we used 5 mg of tissue homogenate for extraction, following the procedures detailed in earlier studies. Similarly, for acylcarnitines, 5 mg of tissue homogenate was subjected to extraction using the methods that had been previously documented[1].
In the case of TCA metabolites, we used 5 mg of tissue for extraction. These metabolites were then quantified via GC - MS as outlined in the previous research1. However, we made slight adjustments to this process, as indicated in other relevant literature[1].
We performed a targeted lipidomics analysis. We started with 10 mg of cryopulverized tissue. First, we homogenized this tissue in 100 μL of phosphate - buffered saline (PBS). Then, we added 100 μL of 20% methanol to dilute the homogenate and introduced a 1% butylated hydroxytoluene (BHT) solution, following the methods described in previous study[17].
After homogenization, the samples were centrifuged at 14,000 x g for 10 minutes. We then loaded the resulting supernatants onto C18 solid - phase extraction (SPE) columns. We achieved elution from these columns using 400 μL of methyl formate. We sourced the external standards required for the analysis from Cayman Chemical.
We then analyzed the samples by liquid chromatography - tandem mass spectrometry (LC - MS/MS). We used an ExionLC (SCIEX™) chromatography system equipped with an Accucore™ C18 column (ThermoFisher). This chromatography system was connected to a SCIEX™ QTRAP 5500 mass spectrometer.
Mobile phase A consisted of water with 10 mM ammonium acetate, while mobile phase B was acetonitrile containing 10 mM ammonium acetate. The specific details about the gradient program and the subsequent mass spectrometry analysis can be found in another reference[1]. We processed the raw data obtained from the analysis using SCIEX™ OS (AB SCIEX™, version 1.6.1). 
Targeted metabolic profiling was performed at Mayo Clinic laboratories to quantify four biomarker categories: TCA cycle metabolites, acylcarnitines, amino acids and amino metabolites, and ceramides. For TCA cycle metabolites, gas chromatography-mass spectrometry (GC-MS) analyses were conducted after methodological optimizations referenced in prior studies, enabling precise quantification from minimal tissue mass. Acylcarnitines, amino acids and amino metabolites, and ceramides are subjected to extraction and analytical workflows as per prior specifications1.
Targeted lipidomics analysis was conducted at Emory University utilizing 10 mg cryopulverized tissue samples. Specimens were processed through sequential homogenization in 100 μL PBS, followed by dilution with 100 μL 20% methanol and addition of 1% BHT solution, maintaining consistency with established methodological protocols. Following centrifugation of homogenates at 14,000 × g for 10 min, the resultant supernatants were applied to C18 solid-phase extraction columns. Elution was performed using 400 μL methyl formate. Reference standards were commercially acquired from Cayman Chemical. Liquid chromatography-tandem mass spectrometry (LC-MS/MS) analyses were conducted on an ExionLC™ platform (SCIEX™) interfaced with a QTRAP 5500 mass analyzer (SCIEX™). Chromatographic separation was achieved using an Accucor™ C18 column (ThermoFisher). The mobile phases consisted of: (A) aqueous 10 mM ammonium acetate and (B) acetonitrile-based 10 mM ammonium acetate. Chromatographic gradients and mass spectrometric parameters are detailed in supplementary materials. Acquired data were analyzed with SCIEX™ OS software (v1.6.1).
4. [bookmark: _Toc233837488]Metabolomics data processing and normalization
Metabolomic data were categorized into two groups: identified compounds (analytes with definitive structural confirmation) and uncharacterized compounds (lacking standardized nomenclature). This investigation exclusively incorporated structurally confirmed metabolites. Following logarithmic transformation (base 2), analytes exhibiting missing data exceeding 20% were excluded. KNN imputation (k=10) was applied to address missing values in both non-targeted datasets and targeted datasets containing over 12 analytes. Outlier detection involved calculating median inter-sample correlations, with flagged specimens undergoing manual validation at collaborating laboratories. Normalization of non-targeted data was achieved through median-centered scaling.
The multi-platform detection overlap in metabolomic and lipidomic profiling necessitated curation of duplicated molecular entries. Duplicate molecular entries were identified as compounds sharing identical RefMet database annotations or standardized nomenclature. The curation protocol comprised:
（1）Exclusion of internal reference standards
（2）Prioritization of targeted assay results versus untargeted approaches
（3）Selection of reverse-phase data for lipid species (3 LPCs, 4 PCs) co-detected by HILIC and RP methods
（4）Preference for positive ionization data in untargeted lipidomics when analyzing lipids with cationic head groups (PC, PE, LPC, LPE, SM)
（5）Adoption of negative ionization mode for anionic head group lipids (PI, PS, PA, FFA) across dual-mode untargeted lipidomics or RP assays
（6）Analytical platform hierarchy:
Acylcarnitines (≤12C): HILIC > RP metabolomics/untargeted lipidomics
Acylcarnitines (>12C): Untargeted lipidomics > HILIC > RP metabolomics
（7）SM prioritization: Untargeted lipidomics (positive mode) > untargeted lipidomics (negative mode) > RP metabolomics
（8）Manual curation for unresolved entries through visual inspection 
5. [bookmark: _Toc233837489]Software
Almost all computational analyses and visualizations were implemented in the R statistical environment. The methodological framework relied on these critical R/Bioconductor [18] packages: ComplexHeatmap (v2.12.0) [19], edgeR (v3.40.1) [20], emmeans (v1.8.5), fgsea (v1.26.0) [21], limma (v3.54.0), msigdbr (v7.5.1) [22], tidyverse (v2.0.0), and WGCNA (v1.71) [23]. Supplementary datasets and analytical pipelines for the MoTrPAC consortium's large-scale study are accessible via dedicated R packages: 
MotracRatTraining6moData[24](github.com/MoTrPAC/MotrpacRatTraining6moData) and MotrpacRatTraining6mo[25](github.com/MoTrPAC/MotrpacRatTraining6mo).
6. [bookmark: _Toc233837490]Abstract plot
Abstract plot was created with BioRender.com (www.biorender.com). 
7. [bookmark: _Toc233837491][bookmark: OLE_LINK15]Statistical Analyses
7.1 [bookmark: _Toc233837492][bookmark: OLE_LINK40]Transcriptomic Data Preprocessing and Normalization
For transcriptomic analysis, liver samples were selected from the study phenotype table and matched to the raw RNA-seq count matrix using sample vial labels. Sample metadata were then curated to define sex, training time point, and the combined experimental group used for downstream modeling. RNA quality and sequencing-related covariates, including RNA integrity number (RIN), percentage of globin reads, percentage of UMI duplicates, and median 5′-to-3′ bias, were incorporated into the sample annotation. Raw transcript-level count data were annotated using the feature-to-gene mapping table. For features mapped to multiple genes, non-LOC and non-NEWGENE gene symbols were preferentially retained, and annotations with available Entrez Gene IDs were prioritized when applicable. Remaining multiple annotations were collapsed using semicolon-separated identifiers. Lowly expressed features were removed using edgeR::filterByExpr(), and library composition was normalized using the trimmed mean of M-values (TMM) method to account for compositional bias in RNA-seq data implemented in edgeR::calcNormFactors(). Sample-level quality control was performed using multidimensional scaling of log-counts per million (logCPM) values. Missing values in RNA quality and sequencing-related covariates were imputed using the corresponding covariate mean, followed by centering and scaling. Finally, the filtered count matrix, curated sample metadata, and feature annotations were assembled into an ExpressionSet object for downstream differential expression analysis. 
[bookmark: _Toc233837493]7.2 Proteomic Data Preprocessing and Normalization
Proteomic analysis was performed using normalized liver proteomics data from the MotrpacRatTraining6moData package [24]. Liver samples were selected from the phenotype table, and sample ID, vial label, sex, and training time point were retained. Sex was encoded as Female or Male. The control group was recoded as sedentary control (SED), and exercise-training time points were converted to uppercase and ordered as SED, 1W, 2W, 4W, and 8W. A combined experimental group variable was generated from sex and training time point for downstream group-wise analyses. The protein abundance matrix was constructed from PROT_LIVER_NORM_DATA by retaining feature IDs and numeric abundance columns, with feature IDs used as row identifiers. Feature IDs and all numeric abundance columns were retained, and feature IDs were used as row identifiers to construct the expression matrix. According to the MotrpacRatTraining6moData documentation, protein quantitative values were represented as log2 TMT ratios to a common reference. These log2 TMT ratios were sample-normalized by median-centering and mean absolute deviation (MAD) scaling, and plex batch effects were removed using linear models implemented in `limma::removeBatchEffect()`.
Quality control metrics indicated consistent protein identification and quantification across samples. Sample metadata were reordered to match the column order of the abundance matrix, ensuring one-to-one correspondence between sample annotations and protein abundance profiles. Sample metadata were reordered to match the column order of the abundance matrix, ensuring one-to-one correspondence between sample annotations and protein abundance profiles. For features with multiple annotations in which only some gene symbols were missing, annotations containing gene symbols were preferentially retained; if all gene symbols for a given feature were missing, the missing annotation records were retained. The annotation table was then reordered to match the feature order of the expression matrix. The normalized protein abundance matrix, curated sample metadata, and feature annotation table were assembled into a Bioconductor ExpressionSet object, with variable descriptions added to the corresponding AnnotatedDataFrame objects using the data dictionary.
[bookmark: _Toc233837494]7.3 Phosphoproteomic Data Preprocessing and Normalization
Phosphoproteomic analysis was performed using normalized liver phosphoproteomics data from the MotrpacRatTraining6moData package [24]. Liver samples were selected from the phenotype table, and sample ID, vial label, sex, and training time point were retained. Sex was formatted as a categorical variable with two levels, Female and Male. The original control group was recoded as the sedentary control group (SED), whereas exercise training time points were converted to uppercase and ordered as SED, 1W, 2W, 4W, and 8W. A combined experimental group variable was then generated based on sex and training time point for downstream group-wise analyses. The PHOSPHO_LIVER_NORM_DATA matrix contains provider-normalized phosphoproteomics abundance values. According to the MotrpacRatTraining6moData documentation, phosphosite quantitative values were represented as log2 TMT ratios to a common reference. These log2 TMT ratios were sample-normalized by median-centering and mean absolute deviation scaling, and plex batch effects were removed using linear models implemented in limma::removeBatchEffect(). The provider-normalized phosphosite abundance matrix was used directly for downstream analysis. Sample metadata were reordered according to the column order of the abundance matrix to ensure exact correspondence between sample annotations and phosphosite abundance profiles. Phosphoproteomic features were annotated using the feature-to-gene mapping table. Gene symbols and Entrez Gene IDs were extracted for features present in the abundance matrix, and duplicate annotations were removed by retaining the first occurrence. For features with multiple annotations in which only some gene symbols were missing, annotations containing gene symbols were preferentially retained; if all gene symbols for a given feature were missing, the missing annotation records were retained. The annotation table was then reordered to match the feature order of the expression matrix. Before constructing the final object, consistency between feature names in the expression matrix and the feature annotation table was checked. If the feature order or feature set was not fully identical, common features shared by both datasets were retained, and both the expression matrix and feature annotation table were reordered accordingly to ensure strict correspondence between abundance values and annotation records. Finally, the normalized phosphosite abundance matrix, curated sample metadata, and phosphoproteomic feature annotations were assembled into a Bioconductor ExpressionSet object. Variable descriptions for both sample and feature metadata were incorporated into the corresponding AnnotatedDataFrame objects using the data dictionary, thereby ensuring a structured dataset suitable for downstream statistical analyses and reproducible use.
[bookmark: _Toc233837495]7.4 Metabolomic Data Preprocessing and Normalization
Metabolomic analysis was performed using normalized liver metabolomics data from the MotrpacRatTraining6moData package [24]. Liver samples were selected from the phenotype table, and sample ID, vial label, sex, and training time point were retained.  Sex was formatted as a categorical variable with two levels, Female and Male. The original control group was recoded as the sedentary control group (SED), whereas exercise training time points were converted to uppercase and ordered as SED, 1W, 2W, 4W, and 8W. A combined experimental group variable was then generated based on sex and training time point for downstream group-wise analyses. To avoid duplicated samples, unique records were retained according to individual ID, which was also used as the row identifier of the sample annotation table. Metabolite feature annotation was constructed from a pre-filtered nonredundant metabolite annotation table. The nonredundant feature information was first imported, and selected redundant or isomeric metabolite names were manually harmonized to generate standardized names for visualization and reporting. Feature ID, dataset source, display name, and RefMet classification information, including super class, main class, and sub class, were retained and renamed as refmet_super_class, refmet_main_class, and refmet_sub_class, respectively. The annotation table was further merged with the metabolite feature ID mapping table to incorporate retention time, m/z, neutral mass, and molecular formula information. Spaces in molecular formulas were removed, and empty strings were converted to missing values to ensure consistent feature annotation. The metabolite abundance matrix was constructed from METAB_NORM_DATA_NESTED. Liver-specific metabolomics datasets were extracted, and data-frame-like datasets were retained. According to the MotrpacRatTraining6moData documentation, the metabolomics data in METAB_NORM_DATA_NESTED had been preprocessed in a platform-specific manner before downstream differential analysis. Targeted metabolomics platforms with more than 12 features were KNN-imputed and log2-transformed; targeted platforms with 12 or fewer features were log2-transformed without imputation; and untargeted metabolomics platforms were sample-centered, KNN-imputed, and log2-transformed. Therefore, no additional global normalization was applied after extracting the provider-processed liver metabolomics matrices. Expression matrices from different datasets were converted into long format and matched to the nonredundant metabolite annotation table, retaining only nonredundant feature and dataset combinations. Because sample columns in the original expression matrices were labeled by vial label, a vial label-to-individual ID mapping table was used to convert sample identifiers to individual IDs. Missing abundance values were removed, and the data were reshaped into a metabolite abundance matrix with feature IDs as rows and individual IDs as columns. Before constructing the final object, consistency among the metabolite abundance matrix, feature annotation table, and sample metadata was checked. Only metabolite features shared between the abundance matrix and feature annotation table, and samples shared between the abundance matrix and phenotype table, were retained. The abundance matrix, feature annotation table, and sample metadata were then synchronously reordered according to the shared features and samples to ensure strict correspondence among metabolite abundance values, sample annotations, and feature annotations. Finally, the normalized metabolite abundance matrix, curated sample metadata, and metabolite feature annotations were assembled into a Bioconductor ExpressionSet object. Variable descriptions for both sample and feature metadata were incorporated into the corresponding AnnotatedDataFrame objects using the data dictionary, thereby ensuring a structured dataset suitable for downstream statistical analyses and reproducible use.
[bookmark: _Toc233837496]7.5 Differential Analysis
Multi-omics measurements from 5-6 animals per experimental group were analyzed using limma's unified modeling approach, avoiding data partitioning. Calculated residual d.f. values: proteomics & phosphoproteomics (60−10=50), transcriptomics (50−2−10−4=34), metabolomics (50−10=40). Through variance shrinkage toward a global estimator, limma generates stabilized t-statistics with extended d.f., improving differential expression detection[26, 27]. Methodological enhancements included sample quality weighting and utilization of inbred F344 rats-a model system exhibiting diminished within-group variability compared to outbred counterparts[28].
[bookmark: _Toc233837497]7.6 Fast Gene Set Enrichment Analysis
Analyses were performed in R with the fgseaMultiLevel tool (v1.24.0), employing a multi-stage Monte Carlo partitioning strategy to estimate extremely low p-values. FGSEA (derived from GSEA methodology) is particularly effective when statistical significance thresholds become restrictive or permissive after multiple testing correction[29]. The implemented ranking index shares conceptual parallels with moderated t-statistics but offers enhanced transparency-for example, an index value of 2 translates to a p-value of 0.01 (10^-2), denoting significant directional effects.
Initial enrichment p-value estimation involved 10,000 permutation iterations, concurrently generating normalized enrichment scores (NES). Benjamini-Hochberg multiple testing correction was applied to p-values within homologous contrast groups across omics datasets and feature collections (e.g., proteomics molecular function annotations). Heatmap visualizations prioritize terms exhibiting the most significant -log10(adjusted p-values) per comparison. Proportional circle scaling ensures maximal representation of the row-wise minimum adjusted p-value, mitigating visualization bias from ultra-significant features. NES values within [-1,1]-considered non-informative-are omitted[30].
MSigDB C5:GO gene sets were selected for their redundancy-minimized architecture, achieved through Liberzon-style filtration protocols detailed in sections 3.2 and 3.7 of the official MSigDB v7.0 documentation (https://software.broadinstitute
.org/cancer/software/gsea/wiki/index.php/MSigDB_v7.0_Release_Notes).
[bookmark: _Toc233837498]7.7 Kinase–Substrate Enrichment Analysis 
The KSEA method, as outlined in the Methods section, leverages an advanced FGSEA algorithm and updated kinase–substrate relationship databases, building on the framework established by Ochoa et al[31]. Notable enhancements include the use of normalized enrichment scores to compute p-values, which mitigate biases introduced by varying feature set sizes. Unlike earlier approaches, these p-values are no longer constrained by a lower limit of 0.001, as they are not dependent on permutation thresholds[32]. Additionally, stringent size filters were applied to exclude smaller, less reliable sets. Despite these improvements, the analysis remains constrained by the limited coverage of the PhosphoSitePlus (PSP) database, with only 1,074 out of 19,173 phosphosites having known kinases and just 121 of 379 kinases passing the size filter for evaluation31. Preliminary p-values and normalized enrichment scores (NES) were estimated using 10,000 permutations, followed by adjustment across all kinases using the Benjamini-Hochberg (BH) procedure.
[bookmark: _Toc233837499]7.8 Weighted Gene Co-expression Network Analysis 
[bookmark: OLE_LINK11][bookmark: OLE_LINK1][bookmark: OLE_LINK8][bookmark: OLE_LINK9][bookmark: OLE_LINK12]Signed adjacency matrices were derived from pairwise biweight midcorrelations of proteins, metabolites, or transcripts. Soft-thresholding powers were evaluated separately for each omics layer using WGCNA scale-free topology diagnostics. Candidate powers were assessed by examining the scale-free topology model fit, and mean connectivity (Table 16 and sFig.10). The final power was selected as the lowest value that achieved an acceptable scale-free topology fit  while avoiding an overly dense network, defined here as mean connectivity below 100. Based on this criterion, soft-thresholding powers of 18, 13, and 20 were selected for transcriptomics, proteomics, and metabolomics/lipidomics, respectively. Transcriptomic count data were preprocessed into log2-transformed TMM-normalized counts per million reads using edgeR::cpm, following the workflow described by Law et al. No additional preprocessing was conducted prior to WGCNA. Dissimilarity matrices, computed from signed topological overlap matrices, were subjected to average linkage hierarchical clustering to define modules for proteins, metabolites/lipids, and transcripts. Modules were identified using dynamic tree cutting with cutHeight = 0.99, deepSplit = 2, pamRespectsDendro = FALSE, and a minimum module size threshold of 30 features. Similar modules were subsequently merged using WGCNA::mergeCloseModules() with a merge cut height of 0.15, corresponding to a module eigengene correlation threshold of 0.85.
The features were grouped into modules: 921 metabolites/lipids formed 8 modules (ranging from 41 to 292 members), 7938 proteins were clustered into 9 modules (33 to 2324 members), and 12846 transcripts were partitioned into 7 modules (38 to 6916 members). For further insights into WGCNA, including module eigengenes (referred to here as eigenfeatures), readers are directed to Weighted Network Analysis: Applications in Genomics and Systems Biology. Spearman correlations between metabolomics/lipidomics module eigengenes (MEs) and other omics MEs, as well as their associations with select sample measures, were evaluated using stats::cor.test. P-values were adjusted within each heatmap using the BH procedure to control the false discovery rate (FDR).
[bookmark: _Toc233837500][bookmark: OLE_LINK7]7.9 WGCNA Module Over-Representation Analysis
WGCNA module over-representation analysis (ORA) was performed to annotate co-expression modules using predefined feature sets. This analysis followed the module-annotation strategy used in the peer-reviewed MoTrPAC WAT multi-omics analysis by Many et al.[33] For each module-feature set pair, the overlap between the WGCNA module and the tested feature set was first evaluated within a standard ORA framework.
During diagnostic evaluation of the ORA results, the p-value distributions showed peaks near both 0 and 1, with the latter indicating under-represented feature sets. In addition, an association between ORA p-values and feature-set size was observed. Therefore, FDR-adjusted p-values were not used as the primary metric for ranking module annotations. Instead, an overlap-ratio-scaled p-value was calculated as an exploratory module-annotation prioritization score, adapted from the MoTrPAC WAT workflow. For a given module (i) and feature set (j), the overlap ratio was defined as:

Here,  denotes the number of overlapping features between module (i) and feature set (j), and  denotes the maximum overlap observed between module (i) and all tested feature sets. The addition of 1 to the denominator penalizes cases in which the maximum module-wise overlap is small and reduces inflation of scores driven by small intersections.
The resulting ORA p-values were log10-transformed, multiplied by their corresponding overlap ratios, and then back-transformed:

This overlap-weighted score jointly incorporates the ORA enrichment strength and the relative module-specific overlap of each tested feature set. A smaller scaled p-value indicates that a feature set is over-represented in a specific module and provides stronger explanatory overlap relative to the other tested terms. This scaled p-value was interpreted as an exploratory module-annotation prioritization score rather than as a conventional FDR-adjusted p-value or a general-purpose multiple-testing correction procedure.
[bookmark: _Toc233837501][bookmark: OLE_LINK14]7.10 Multi-omics molecular interaction network analysis using OmicsNet 2.0
Integrated multi-omics molecular interaction networks were constructed using the OmicsNet 2.0 web server (https://www.omicsnet.ca) [34]. The same analytical workflow was used for Fig. 7A and Supplementary Figs. 2A and 3A, with only the input molecular lists differing among comparisons.
The input molecules were selected from the corresponding differentially altered molecular feature sets. For each comparison, transcriptomic genes, proteomic proteins, and metabolites were retained using the predefined criteria of p < 0.05 and |log2FC| > 1. The organism was set to Rat. Gene and protein identifiers were submitted as Entrez IDs, whereas metabolites were submitted as KEGG compound IDs. Multi-omics molecular interaction networks were generated using the OmicsNet 2.0 web server with the built-in network integration framework and default analysis settings. Gene- and protein-related interaction layers were retrieved from the OmicsNet knowledgebase, including InnateDB-supported molecular interaction resources. Metabolite-related associations, including metabolite–gene, metabolite–protein, and metabolite–metabolite relationships, were obtained from KEGG-based annotations integrated within OmicsNet 2.0. These interaction layers were combined to generate cross-omics molecular interaction networks linking transcriptomic, proteomic, and metabolomic features.
The network model incorporated experimentally validated and curated molecular interaction evidence available within the selected OmicsNet databases. For gene/protein interaction layers, evidence was derived from curated molecular interaction repositories integrated by OmicsNet. For metabolite-associated layers, evidence was based on pathway and biochemical relationship annotations from KEGG. Network construction was performed using the default OmicsNet 2.0 integration strategy without additional manual filtering of interaction evidence types. The resulting network therefore represents a knowledge-based molecular interaction framework integrating multiple evidence sources across omics layers.
The principal connected subnetwork was used for visualization and downstream network interpretation. Network topology metrics, including node degree and betweenness centrality, were calculated using the OmicsNet 2.0 network analysis module and used to identify highly connected and potentially influential molecular features within the integrated network. 
7.11 Functional enrichment term network and pie chart analysis using Cytoscape-ClueGO
Functional enrichment term networks and pie charts were generated using Cytoscape 3.10.2 with the ClueGO plug-in v2.5.10 [35]. The same ClueGO workflow was used for Fig. 7 and Supplementary Figs. 2 and 3, with comparison-specific input molecular lists. These analyses were performed using transcriptomic and proteomic data only; metabolomic features were not included in the ClueGO enrichment term networks or pie charts.
Differentially altered transcriptomic genes and proteomic proteins were selected using p < 0.05 and |log2FC| > 1. The transcriptomic and proteomic feature lists were imported into ClueGO as separate clusters rather than being merged into a single list. The organism was then set to Mus musculus, and the identifier type was set to SymbolID. Because the experimental organism was rat, rat genes and proteins were first mapped to their mouse orthologs before ClueGO analysis. Ortholog mapping was performed using NCBI HomoloGene. Only successfully mapped orthologs were retained for enrichment analysis. Functional enrichment analysis was performed using GO and KEGG annotation sources available in ClueGO. 
The selected annotation databases included KEGG_25.05.2022, GO_BiologicalProcess-EBI-UniProt-GOA-ACAP-ARAP_25.05.2022_00h00, GO_MolecularFunction-EBI-UniProt-GOA-ACAP-ARAP_25.05.2022_00h00, and GO_CellularComponent-EBI-UniProt-GOA-ACAP-ARAP_25.05.2022_00h00. The reference set for the hypergeometric test consisted of all unique genes annotated in the selected ontologies.
Enrichment and depletion analyses were performed using a two-sided hypergeometric test. A p value cutoff of 0.05 was applied, and multiple testing correction was performed using the Bonferroni step-down method. GO terms were filtered using a minimum GO level of 3 and a maximum GO level of 8. For each input cluster, the minimum number of genes per term was set to 3, and the minimum percentage of genes per term was set to 4.0%.
The two input clusters were combined using the “OR” option, and the percentage for a cluster to be considered specific was set to 60.0%. GO term fusion was disabled, whereas GO grouping was enabled. Functionally related enriched terms were grouped using ClueGO kappa statistics with a kappa score threshold of 0.4. The representative overview term for each group was selected based on the smallest p value. Grouping by kappa statistics was enabled, the initial group size was set to 1, and the sharing group percentage was set to 50.0%. Redundant groups with more than 50.0% overlap were merged.
In the ClueGO pathway networks, nodes represent significantly enriched GO or KEGG terms, and edges represent functional relatedness between terms based on the overlap of their associated genes/proteins. Thus, these networks should be interpreted as functional enrichment term networks. The ClueGO pie charts summarize the relative proportion of significantly enriched terms assigned to each functional group.
8. [bookmark: _Toc233837502]Statement on Animal Models and Strain Consistency
The initial bioinformatics analyses presented in this manuscript are based on high-quality datasets from the MoTrPAC consortium, which used Fischer 344 (F344) rats. We contacted representatives of the MoTrPAC consortium to confirm the appropriate use of these publicly available datasets in this study. This correspondence addressed data-use permissions and does not constitute scientific endorsement by the MoTrPAC consortium of our study design or conclusions. To experimentally test selected computational predictions, we conducted independent animal experiments using Sprague-Dawley (SD) rats. SD rats are one of the most widely used and well-characterized models in exercise physiology and metabolic research, with extensive baseline physiological and molecular data available in the literature. The use of SD rats, rather than F344 rats, was driven by practical considerations related to strain availability for large-scale experimental validation. Importantly, this strain difference also provides an opportunity to assess whether the computationally predicted molecular signatures can be observed in an independent rat genetic background. F344 and SD rats differ in body composition, metabolic phenotype, and exercise capacity. The fact that key predicted responses were experimentally observed in SD rats suggests that these molecular signatures may reflect fundamental exercise-responsive mechanisms that are not strictly F344-specific. At the same time, we recognize that strain-specific differences may influence the magnitude or precise pattern of some responses, and that formal demonstration of full cross-strain conservation would require direct comparison of F344 and SD rats under identical experimental protocols. The following is the information of the email exchange:
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[bookmark: _Toc233837505]sFigure.1 Heatmaps depict Z‑score–normalized abundance patterns of metabolite modules across male and female rats at different training time points. (A) Temporal abundance patterns of acylcarnitines across male and female rats. (B) Heatmap of acyl-CoAs showing training- and sex-specific remodeling. (C) Amino acid metabolite profiles across sexes and timepoints. (D) Dynamic changes in nucleotide metabolites in response to endurance training.
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[bookmark: _Toc233837506]sFigure.2 Graphical model of training-associated sex-biased multi-omic metabolic states.
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[bookmark: _Toc233837507][bookmark: OLE_LINK17]sFigure.3 Integrated molecular network and pathway enrichment analysis of male-specific liver responses following 8 weeks of endurance training. (A) Integrated molecular interaction network constructed from transcriptomic, proteomic, and metabolomic data. Nodes represent core molecules; edges indicate predicted molecular interactions. (B) Functional enrichment network of significantly enriched GO and KEGG terms derived from differentially altered transcriptomic genes and proteomic proteins. Nodes represent enriched GO or KEGG terms, and edges indicate functional relatedness based on shared associated genes/proteins. (C) Proportional contribution of major functional categories to the overall enriched terms in males.
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[bookmark: _Toc233837508]sFigure.4 Integrated molecular network and pathway enrichment analysis of female-specific liver responses following 8 weeks of endurance training. (A) Integrated molecular interaction network constructed from transcriptomic, proteomic, and metabolomic data. Nodes represent core molecules; edges indicate predicted molecular interactions. (B) Functional enrichment network of significantly enriched GO and KEGG terms derived from differentially altered transcriptomic genes and proteomic proteins. Nodes represent enriched GO or KEGG terms, and edges indicate functional relatedness based on shared associated genes/proteins. (C) Proportional contribution of major functional categories to the overall enriched terms in females.
[image: ]
[bookmark: _Toc233837509]sFigure.5 Top 5 differentially expressed genes between male and female rats in the transcriptomic profile during endurance training.
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[bookmark: _Toc233837510]sFigure.6 Top 5 differentially expressed proteins between male and female rats in the proteomic profile during endurance training.
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[bookmark: _Toc233837511]sFigure.7 Top 5 differentially expressed phosphoproteins between male and female rats in the phosphoproteomic profile during endurance training.
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[bookmark: _Toc233837512][bookmark: OLE_LINK18]sFigure.8 Top 5 differential metabolites between male and female rats in the metabolomic profile during endurance training.
Group One: [image: ]          [image: ]Ppp1r3g
GAPDH

Group Two: [image: ]          [image: ]Ppp1r3g
GAPDH

Group Three: [image: ]          [image: ]GAPDH
Ppp1r3g

[bookmark: OLE_LINK10][bookmark: _Toc233837513]sFigure.9 Original data of the Western blotting. From left to right, they represent sedentary female, exercise female, sedentary male, and exercise male.
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[bookmark: _Toc233837514]sFigure.10 Selection of omics-specific soft-thresholding powers for WGCNA.
Panels A, C, and E show the full range of candidate powers from 1 to 50 for transcriptomics, proteomics, and metabolomics/lipidomics, respectively. Panels B, D, and F show enlarged views around the candidate power ranges used for final selection. For each dataset, the left plot shows the scale-free topology model fit, signed R², and the right plot shows the corresponding mean connectivity. The horizontal red line indicates the prespecified scale-free topology fit criterion.
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MoTrPAC: Molecular Transducers of Physical Activity Consortium
SD: Sprague-Dawley
scRNA-seq: single-cell transcriptomics
MDS: multidimensional scaling
FGSEA: Fast Gene Set Enrichment Analysis
BP: biological process
MF: molecular function
CC: cellular component
ORA: over-representation analysis
MEs: Module eigengenes
SDS-PAGE: sulfate-polyacrylamide gel electrophoresis
qRT-PCR: Quantitative real-time polymerase chain reaction
DEGs: Differentially expressed genes
SM: sphingomyelins
O-PE: ether phosphatidylethanolamines
O-PC: ether phosphatidylcholines
Cer: ceramides
PC: phosphatidylcholines
TG: triglycerides
PI: phosphatidylinositols
PE: phosphatidylethanolamines
LC: liver control group
LE: liver exercise group
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From: Jie Peng <4203119216@email.ncu.edu.cn>
Date: Wednesday, July 17,2024 at 11:34 AM

To: Jimmy Zhen <jzhen@stanford.edu>

Cc: motrpac-helpdesk <motrpac-helpdesk@lists.stanford.edu>

Subject: Inquiry on Using Sprague Dawley Rats as Substitutes for Fischer 344 Rats in MoTrPAC Studies

Dear MoTrPAC Alliance Leader,

1 hope this message finds you well.

My name is Jie Peng, and | am currently conducting a study at The Second Affiliated Hospital of Nanchang University on the molecular changes in the body induced by exercise. It is well-known that Fischer 344 rats are typically used in such experiments. However, due to the limited availability of Fischer 344 rats in China, we are considering using
Sprague Dawley (SD) rats, which are more commonly available here.

Based on relevant literature and research data, we estimate that a 6-month-old Fischer 344 rat roughly corresponds to a 3-4-month-old SD rat in terms of physiological and metabolic characteristics. Additionally, we have found that 6-month-old rats are nearing the geriatric stage, which may impact the outcomes of our study. Therefore, we plan
to use 3-4-month-old SD rats as substitutes for 6-month-old Fischer 344 rats in our experiments.

We seek your guidance and advice on whether this substitution would be acceptable within the MoTrPAC framework, and if such a substitution might affect the validity and reliability of our experimental results.

Yourinsights and recommendations would be highly valuable to our research.

Thank you for your time and support.

Sincerely,

Jie Peng
The Second Affliated Hospital of Nanchang University
jie_peng@email.ncu.edu.cn
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Attn: | gaoyuan9992021 <gaoyuan9992021@163.com>
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From: "Jimmy Zhen"<izhen@stanford.edu>
Donors: Sat, Jul 20 2024 02:26 AM
To: “Jie Peng"<4203119216@email.ncu.edu.cn=;

C: "motrpac-helpdesk’<moirpac-helpdesk@lsts stanford edu>;
Subject: Re: Inguiry on Using Sprague Dawley Rats as Substitutes for Fischer 344 Rats in MoTrPAC Studies

Hello Jie,

Our understanding is that the median lifespan of male SD is 24.5 months, while it is 31 months for male F344 rats.
We think that 4 months of age would be a good target. MoTrPAC chose 6 months in the F344 because itis an age where muscle mass is close to reaching its peak. According to the SD growth chart from Charles River, the females reach a steady body weight around 12 weeks, and the males later. The recommendation is to try to get rats within a certain body weight.

We don’ t consider 6-month old rats to be geriatric.
The SD rat is an outbred rat, so it would be great to have that comparison to the F344 rats.
Please feel free to reach out again if you have any further questions.

Best,
Jimmy
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