Predictive metabolomics of pearl millet phenotypic traits using a germplasm panel of genetic diversity 
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SUPPLEMENTARY METHODS
Phenotypic traits 
Phenotypic traits were documented based on distinct morpho-agronomic characteristics, following the descriptors for pearl millet established by (IBPGR & ICRISAT, 1993). Thirteen quantitative traits, including days to flowering, stem internode length (cm), leaf length (cm), leaf width (mm), number of productive tillers, panicle length (cm), panicle thickness (mm), plant height (cm), peduncle elongation (cm), stem thickness (mm), total number of leaves, total number of tillers, and 1000 grains weight (g), were reported. Additionally, eight qualitative traits were documented, covering bristle length, flowering range, panicle shape, grain colour, genetical type, green fodder yield potential, and overall plant aspect. Trait measurements are provided in Supplementary Table S2.

Metabolite extraction
Automated ethanolic extractions were conducted following Luna et al. (2020) with some modifications. Briefly, two rounds of 300 µL and 250 µL of solvent A (80% ethanol (v/v), 0.1% of formic acid and 250 µg/ml of methyl vanillate as internal standard), followed by one round of 250 µL of solvent B (50% ethanol (v/v), 0.1% of formic acid and 250 µg/ml of methyl vanillate as internal standard). The resulting supernatants (3) were combined in 1.1 mL-micronic tubes (MP32033L, Micronic, Lelystad, Netherlands), filtered through a 0.22 µM filter using a 96-well sterile clear plate (MSGVS2210, 0.22 µM, Hydrophil. Low Protein Binding Durapore, Millipore, Molsheim, France). Each genotype was extracted in triplicate. Simultaneous blanks were performed, and quality control (QC) pooled samples were prepared in the end with 40 µL from each sample.

Untargeted Metabolic Profiling of Pearl Millet Core Collection
Data-dependent acquisitions (DDA) were performed in negative and profile modes (Dussarrat et al. 2022) for samples and QC. Some QC were also acquired in full scan. Additionally, one QC sample was injected every 10 injections. In all, 63 QC samples and 24 blank extracts were injected for MS signal drift correction and filter out variables detected in blanks, respectively.

Data processing 
The raw LCMS data were processed using MS-DIAL v 4.90 (Tsugawa et al., 2015), resulting in 7790 RT-m/z features. MS-DIAL parameters were set as follows: MS1 tolerance, 0.01 Da; MS2 tolerance, 0.025 Da; retention time begin, 0 min; retention time end, 18 min; minimum peak height, 30000; mass slice width, 0.05 Da; smoothing level, 4 scans; minimum peak width, 5 scans; sigma window value, 0.5. A first annotation was made using an internal plant database AGROMIX-MetaboHUB. Locally Weighted Regression Scatterplot Smoothing (LOWESS) smoothing was performed using a QC run as a reference. Detailed parameters are provided in Supplementary File S1. Following data cleaning (including blank filtering, SN > 10, and RSD QC < 30%), 2767 RT-m/z variables were retained for subsequent chemometric analysis. The dataset obtained after preprocessing is available in an online repository (DATA).

Statistical analysis and visualization
The initial steps for the untargeted metabolomic data underwent initial normalisation through median normalisation, cube-root transformation, Pareto scaling using MetaboAnalyst v.5 (Sinelnikov et al., 2015). The normalised dataset can be found in Supplementary Table S3. Normalisation allowed a normally distributed metabolomic dataset that was subsequently used for multivariate and univariate statistical analyses in MetaboAnalyst and predictive analyses. 

Heatmaps were constructed to assess the impact of phenotypic trait metadata on the analysed genotypes. The dendrogram within the heatmaps was calculated using Pearson’s distance and Ward clustering. Pearson’s correlation analyses were performed on all quantitative variables to examine the direction and magnitude of the associations between the agronomic traits. The distribution of unique features for each phenotypic trait was visualized using venn diagrams and upset plots (Bardou et al., 2014; Conway et al., 2017). To construct sunburst chart and correlogram, data handling was performed with Pandas, data visualization with Matplotlib/Seaborn and Plotly, and numerical computations with Numpy (Hunter, 2007; McKinney, 2010; Van Der Walt et al., 2011).

Generalised multilinear models
Generalised linear models were constructed using the glmnet package (Friedman et al., 2010) in the R software (Core, 2019) (v. 4.3.1) and three types of penalization (LASSO, Elastic-Net, and Ridge). The datasets were pseudo-randomly splitted into two parts using a stratified approach on the phenotype to predict: 50% of the individuals were employed to train the models and 50% were reserved for testing prediction quality. To reduce overfitting, a 10-fold Cross-validation repeated 3 times was applied. During the training of the models, 40 values of α and 40 values of λ were tested. Performance of the training was evaluated based on the root mean square error between actual and predicted values. To address randomisation, 100 models were generated for each measurement. Consequently, variables most frequently present in the models can be considered the most reliable predictors of agronomic markers. 

Additionally, classification-based models were applied to predict categorical values, such as bristle length (short, medium and long), panicle shape (cylindrical, conical, spindle, club, candle, and lanceolate), genetic type (synthetic, variety, pollinator, line, compound or silvestre), flowering range (short, long, or discontinuous), origin (Africa (unspecified countries), Brazil, Congo, Ghana, ICRISAT, India, Kenya, Mali, Namibia, Nigeria, Senegal, Serere-Uganda, Sudan, Tanzania, Uganda, the United States of America (USA), West Africa, and Zimbabwe), overall plant aspect (poor, intermediate or good), green fodder yield potential (poor, intermediate or good), and grain colour (brown-gray, a mixture of yellow and gray grains, deep gray, yellow, brown, and cream).

Different percentages of occurrence of variables were analysed, and variables present in over 80% of the models were selected as biomarkers and destined for annotation. The study workflow is represented in Figure 1. 

Annotation of predictive biomarkers
As the first step of automatic annotation, high-resolution mass (HR m/z) and MS2 fragmentation patterns were screened against the AGROMIX-MetaboHUB database (courtesy of Guillaume Marti, Metatoul-MetaboHUB-Toulouse) in MS-DIAL. The InChi and INCHIKEY IDs were obtained using SMILES with OpenBabel (O’Boyle et al., 2011). The unique compounds annotation was complemented with an in-house database consisting of 448 compounds, injected in the same analytical conditions to ensure a level 1 identification (Broadhurst et al., 2018; Summer et al., 2007). Putative chemical formulas and metabolite names were verified in CHEBI and Knapsack databases (Díaz et al., 2023) and the chemical classification was obtained by the ClassyFire batch (Djoumbou Feunang et al., 2016).

[bookmark: _GoBack]

REFERENCE
Bardou, P., Mariette, J., Escudié, F., Djemiel, C., & Klopp, C. (2014). jvenn: An interactive Venn diagram viewer. BMC Bioinformatics, 15, 1–7.
Broadhurst, D., Goodacre, R., Reinke, S. N., Kuligowski, J., Wilson, I. D., Lewis, M. R., & Dunn, W. B. (2018). Guidelines and considerations for the use of system suitability and quality control samples in mass spectrometry assays applied in untargeted clinical metabolomic studies. Metabolomics, 14, 1–17.
Conway, J. R., Lex, A., & Gehlenborg, N. (2017). UpSetR: an R package for the visualization of intersecting sets and their properties. Bioinformatics, 33(18), 2938–2940.
Core, R. T. (2019). R: A language and environment for statistical computing. (No Title).
Díaz, F. P., Dussarrat, T., Carrasco‐Puga, G., Colombié, S., Prigent, S., Decros, G., Bernillon, S., Cassan, C., Flandin, A., Guerrero, P. C., Gibon, Y., Rolin, D., Cavieres, L. A., Pétriacq, P., Latorre, C., & Gutiérrez, R. A. (2023). Ecological and metabolic implications of the nurse effect of Maihueniopsis camachoi in the Atacama Desert. New Phytologist, nph.19415. https://doi.org/10.1111/nph.19415
Djoumbou Feunang, Y., Eisner, R., Knox, C., Chepelev, L., Hastings, J., Owen, G., Fahy, E., Steinbeck, C., Subramanian, S., & Bolton, E. (2016). ClassyFire: Automated chemical classification with a comprehensive, computable taxonomy. Journal of Cheminformatics, 8, 1–20.
Friedman, J., Hastie, T., & Tibshirani, R. (2010). Regularization paths for generalized linear models via coordinate descent. Journal of Statistical Software, 33(1), 1.
Hunter, J. D. (2007). Matplotlib: A 2D graphics environment. Computing in Science & Engineering, 9(03), 90–95.
IBPGR, & ICRISAT. (1993). Descriptors for pearl millet [Pennisetum glaucum (L.) R. Br.). International Board for Plant Genetic Resources, Rome, Italy; International Crops Research Institute for the Semi-Arid Tropics, Patancheru, India.
McKinney, W. (2010). Data structures for statistical computing in Python. 445(1), 51–56.
O’Boyle, N. M., Banck, M., James, C. A., Morley, C., Vandermeersch, T., & Hutchison, G. R. (2011). Open Babel: An open chemical toolbox. Journal of Cheminformatics, 3(1), 1–14.
Sinelnikov, J. X. I., Han, B., & Wishart, D. (2015). MetaboAnalyst 3.0—Making metabolomics more meaningful. Nucleic Acids Res, 43(W1), W251–W257.
Summer, L., Amberg, A., Barrett, D., Beale, M., Beger, R., Daykin, C., Fan, T., Fiehn, O., Goodacre, R., & Griffin, J. (2007). Proposed minimum reporting standards for chemical analysis. Metabolomics, 3(3), 211–221.
Tsugawa, H., Cajka, T., Kind, T., Ma, Y., Higgins, B., Ikeda, K., Kanazawa, M., VanderGheynst, J., Fiehn, O., & Arita, M. (2015). MS-DIAL: data-independent MS/MS deconvolution for comprehensive metabolome analysis. Nature Methods, 12(6), 523–526.
Van Der Walt, S., Colbert, S. C., & Varoquaux, G. (2011). The NumPy array: A structure for efficient numerical computation. Computing in Science & Engineering, 13(2), 22–30.

2

