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The metabolome is often seen as the ultimate cellular phenotype:
- resulting from all biochemical processes that took place in an organism
- a screenshot of the present status of the metabolism
- bricks enabling the future development of the cells

The Bordeaux Metabolome facility enable the acquisition of metabolomic data on hundreds of samples:
- a robotized high throughout platform to prepare samples and targeted measurements using microplates
- modern mass spectrometers coupled with chromatography for untargeted metabolomics
- metabolomics enables multi-species studies
- such studies are key to predict global phenotypes and identify generic biomarkers of integrative biological processes
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Data Collection Descriptive and predictive approaches

Conclusion and perspectives

10 fruit species
9 growth stages
3 replicates 
270 fruit fleshy 
tissue samples

UHPLC-MS analysis
(Orbitrap elite - Thermo Scientific)

8 targeted measurements
2.204 untargeted features
with lots of missing values
2.212 metabolic features

Overview of fruit tissue characteristics and metabolomics data A. Dry weight (DW) 
percent (n = 3,+/- SD) during fruit development (stage 1 to 9) 
B. Total and stage-dependent percentage of missing metabolite values 

Developmental stages

Stage 1

Stage 2

Stage 3

Stage 4

Stage 5

Stage 6

Stage 7

Stage 8

Stage 9

Imputation 1 and 2: missing values 
are variables not present in the fruit 
sample

Imputation 3 and 4: if a metabolic 
feature was identified in at least one 
replicate, it should be present in the 
others

Imputation strategies for missing values in our multispecies metabolomics dataset

MS-DIAL

Machine-learning approaches to predict phenotypic traits associated 
with the fruit samples

Principal component analysis score plots of the ten fruit species based on 
metabolic features after imputation with strategy 3. Colours correspond to 
developmental stages while the percentage  of variation explained by the first 
two principal components  is reported in each score plot

SVM
Glmnet

Random forest

PLSR

10 fruits
9 developmental stages

9 fruits
Measured

phenotype
1 fruit

Fit hyperparameters Prediction as R² 

or accuracy

10 fruits
9 developmental stages

75% training
Measured

phenotype
25% testing

Fit hyperparameters Prediction as R² 

or accuracy

Global predictions Fruit by fruit 
predictions

Results of the fruit by fruit predictive approach using different machine learning models and datasets 
Results are displayed as average R² or accuracy over 100 repeats. 

Fruit by fruit predictions
SVM PLS
fruit/phenotype Acidity – R² Climacteric – Acc RGR – R² Slow_vs_Fast – Acc Stage – Acc Sugars – R² PercentageDvpt – R² fruit/phenotype Acidity – R² Climacteric – Acc RGR – R² Slow_vs_Fast – Acc Stage – Acc Sugars – R² PercentageDvpt – R²

Apple
0 0.067 0 0.725 0.136 0.509 1 1 0.28 0.545 0.065 0.88 0.325 0.739

Apple
0.001 0.001 0.354 0.556 0.158 0.759 0.748 1 0.122 0.447 0.065 0.851 0.331 0.811

0.001 0.108 1 0.654 0.155 0.627 1 1 0.122 0.581 0.067 0.902 0.335 0.738 0.001 0.009 1 0.539 0.155 0.679 1 1 0.122 0.433 0.067 0.826 0.335 0.818

Clementine
0.317 0.06 0 0.618 0.619 0.413 0.967 1 0.319 0.241 0.223 0.868 0.555 0.868

Clementine
0.381 0.164 0 0.122 0.093 0.835 0.058 0.853 0.045 0.218 0.061 0.861 0.01 0.91

0.451 0.057 0.433 0.618 0.009 0.411 0.202 1 0.122 0.241 0.11 0.854 0.758 0.884 0.58 0.144 0.721 0.122 0.181 0.833 0.037 0.83 0.122 0.241 0.106 0.855 0.323 0.911

Cucumber
0.391 0.601 1 1 0.112 0.118 0.933 0.795 0.122 0.202 0.026 0.153 0.085 0.194

Cucumber
0.466 0.466 1 1 0.096 0.026 0.654 0.207 0.122 0.288 0.032 0.134 0.234 0.19

0.399 0.653 1 1 0.115 0.11 1 0.865 0.082 0.162 0.032 0.093 0.48 0.174 0.599 0.469 1 1 0.113 0.078 0.94 0.22 0.122 0.202 0.037 0.159 0.268 0.21

Eggplant
0.023 0.016 0.725 0.69 0.1 0.73 1 1 0.082 0.122 0.031 0.347 0.566 0.677

Eggplant
0.792 0.017 0.357 0.669 0.211 0.757 0.952 1 0.122 0.122 0.03 0.092 0.526 0.83

0.773 0.012 0.69 0.508 0.282 0.737 1 1 0.122 0.122 0.025 0.309 0.339 0.71 0.107 0.018 0.69 0.55 0.235 0.757 1 1 0.045 0.122 0.029 0.072 0.6 0.824

Grape
0.009 0.231 1 0.508 0.147 0.092 0.202 0.28 0.122 0.241 0 0.59 0.687 0.746

Grape
0.07 0.145 0.8 0.659 0 0.391 0.607 0.28 0.162 0.15 0.248 0.626 0.398 0.82

0.239 0.18 0.69 0.508 0.347 0.307 0.082 0.28 0.122 0.241 0.595 0.639 0.754 0.755 0.261 0.118 0.481 0.706 0.196 0.3 0 0.319 0.154 0.134 0.588 0.635 0.73 0.818

Kiwifruit
0.464 0.022 0.319 0 0.578 0 0.357 0.725 0.202 0.319 0.098 0.076 0.247 0.448

Kiwifruit
0.214 0.476 0.406 0 0.585 0.002 0.482 0.76 0.162 0.202 0.107 0.343 0.246 0.608

0.354 0.144 0.319 0 0.609 0.031 0.28 0.69 0.162 0.357 0.087 0.06 0.276 0.403 0.161 0.425 0.363 0 0.602 0.001 0.395 0.76 0.126 0.202 0.097 0.385 0.221 0.343

Peach
0.168 0.088 0 0.967 0.285 0.475 0.241 0.967 0.162 0.357 0.456 0.322 0.001 0.867

Peach
0.122 0.101 0.214 0.888 0.323 0.471 0.604 0.967 0.162 0.28 0.387 0.853 0.021 0.94

0.157 0.086 0.082 0.967 0.064 0.492 0.202 0.967 0.162 0.357 0.47 0.279 0 0.821 0.046 0.097 0.516 0.865 0.057 0.455 0.75 0.967 0.162 0.357 0.513 0.758 0.15 0.943

Pepper
0.398 0.015 1 0.319 0.422 0.196 0.433 0.69 0.122 0.202 0.427 0.068 0.589 0.168

Pepper
0.005 0.391 0.43 0.292 0.384 0.087 0.004 0.623 0.158 0.241 0.627 0.01 0.671 0.26

0.636 0 1 0.28 0.063 0.14 0.357 0.725 0.122 0.162 0.542 0.037 0.36 0.304 0.466 0.397 0.012 0.28 0.387 0.095 0.937 0.618 0.241 0.241 0.335 0.109 0.556 0.315

Strawberry
0.097 0.015 0 0.725 0.084 0.439 0 0 0.041 0.319 0.324 0.424 0.069 0.795

Strawberry
0.006 0.058 0.187 0.966 0.125 0.632 0.541 0 0.114 0.159 0.015 0.57 0.107 0.803

0.125 0.005 0.241 0.725 0.462 0.505 0.865 0 0.122 0.319 0.265 0.614 0.853 0.843 0.101 0.062 0.826 0.967 0.427 0.745 0.138 0 0.049 0.308 0.215 0.8 0.314 0.82

Tomato
0.002 0.002 0 0 0.008 0.001 0.83 1 0.202 0.041 0.04 0.341 0.316 0.037

Tomato
0.002 0.205 0 0 0.008 0.07 0.145 0.996 0.122 0.241 0.038 0.23 0.316 0.12

0.002 0.137 0.795 0 0.008 0.033 0.795 1 0.122 0.041 0.038 0.274 0.316 0.182 0.002 0.105 0 0 0.008 0.057 0.795 1 0.122 0.202 0.038 0.24 0.316 0.057

RF GLMNET
fruit/phenotype Acidity – R² Climacteric – Acc RGR – R² Slow_vs_Fast – Acc Stage – Acc Sugars – R² PercentageDvpt – R² fruit/phenotype Acidity – R² Climacteric – Acc RGR – R² Slow_vs_Fast – Acc Stage – Acc Sugars – R² PercentageDvpt – R²

Apple
0.004 0.012 0.231 0.012 0.949 0.924 1 0.981 0.477 0.447 0.81 0.789 0.752 0.727

Apple
0 0.031 0.238 0.357 0.516 0.755 1 1 0.122 0.683 0.031 0.839 0.197 0.815

0.008 0.009 0.169 0 0.903 0.863 1 0.974 0.52 0.381 0.719 0.646 0.743 0.782 0.002 0.041 0.331 0.357 0.19 0.747 1 1 0.122 0.633 0.152 0.7 0.314 0.805

Clementine
0.148 0.243 0.702 0.803 0.678 0.288 0.719 0.884 0.23 0.253 0.42 0.294 0.887 0.858

Clementine
0.105 0.177 0.83 0.618 0.625 0.917 0 0.933 0.178 0.241 0.82 0.852 0.843 0.947

0.15 0.222 0.742 0.783 0.682 0.338 0.587 0.896 0.218 0.241 0.318 0.276 0.894 0.873 0.238 0.126 0.319 0.581 0.558 0.881 0 0.933 0.122 0.241 0.719 0.813 0.685 0.934

Cucumber
0.463 0.212 1 1 0.009 0.208 1 1 0.094 0.118 0.066 0.072 0.755 0.72

Cucumber
0.864 0.32 1 0.648 0.039 0.039 0.845 0.974 0.122 0.158 0.001 0.209 0.658 0.566

0.317 0.252 1 0.989 0.105 0.181 1 1 0.082 0.126 0.018 0.07 0.713 0.674 0.746 0.233 1 0.577 0.024 0.007 0.861 0.985 0.122 0.166 0.029 0.292 0.644 0.493

Eggplant
0.424 0.025 0.191 0.853 0.25 0.612 0.788 0.713 0.226 0.301 0.014 0.049 0.854 0.918

Eggplant
0.8 0.004 0.225 0.865 0.144 0.737 0.883 1 0.114 0.122 0.019 0.204 0.556 0.855

0.494 0.061 0.103 0.853 0.264 0.626 0.814 0.72 0.197 0.321 0.036 0.065 0.915 0.916 0.781 0.002 0.229 0.865 0.223 0.759 0.87 1 0.082 0.122 0.3 0.069 0.611 0.868

Grape
0.013 0.161 0.695 0.925 0.688 0.678 0.543 0.315 0.449 0.488 0.844 0.761 0.9 0.918

Grape
0.159 0.108 0.967 1 0.193 0.413 0.319 0.311 0.162 0.258 0.518 0.666 0.345 0.8

0.029 0.166 0.488 0.919 0.614 0.689 0.703 0.319 0.453 0.443 0.919 0.935 0.892 0.918 0.261 0.088 0.933 1 0.152 0.484 0.319 0.319 0.122 0.288 0.598 0.681 0.628 0.788

Kiwifruit
0.189 0.681 0 0 0.827 0.848 0.57 0.486 0.417 0.512 0.683 0.583 0.819 0.807

Kiwifruit
0.171 0.338 0 0.166 0.858 0.063 0.545 0.357 0.126 0.162 0.513 0.45 0.558 0.503

0.291 0.68 0 0 0.854 0.868 0.616 0.496 0.403 0.56 0.774 0.625 0.771 0.793 0.209 0.267 0 0.162 0.732 0.019 0.618 0.395 0.122 0.158 0.559 0.57 0.64 0.404

Peach
0.035 0.007 0.715 0.905 0.169 0.238 0.996 0.944 0.285 0.245 0.501 0.614 0.868 0.787

Peach
0.051 0.117 0.535 0.845 0.408 0.374 0.725 0.933 0.162 0.433 0.317 0.796 0.414 0.885

0.012 0.013 0.788 0.956 0.189 0.3 1 0.963 0.275 0.19 0.551 0.623 0.848 0.753 0.097 0.115 0.545 0.822 0.445 0.378 0.725 0.951 0.162 0.383 0.384 0.513 0.281 0.905

Pepper
0.595 0.287 0.83 0.348 0.44 0.251 0.792 0.76 0.213 0.166 0.353 0.225 0.833 0.866

Pepper
0.104 0.469 0.933 0.341 0.493 0.087 0.241 0.601 0.098 0.241 0.484 0.052 0.495 0.655

0.577 0.289 0.813 0.365 0.476 0.285 0.779 0.754 0.217 0.173 0.407 0.211 0.799 0.919 0.058 0.486 0.933 0.349 0.586 0.087 0.241 0.69 0.122 0.241 0.36 0.19 0.046 0.687

Strawberry
0.021 0.038 0.037 0.265 0.636 0.622 0 0.016 0.26 0.248 0.84 0.4 0.913 0.863

Strawberry
0.028 0.086 0 0.831 0.474 0.66 0 0 0 0.237 0.372 0.514 0.847 0.926

0.011 0.033 0.025 0.303 0.587 0.633 0 0.016 0.233 0.307 0.713 0.445 0.935 0.864 0.116 0.075 0 0.87 0.614 0.761 0 0 0.122 0.217 0.201 0.902 0.446 0.934

Tomato
0.355 0.614 0 0 0.005 0.121 1 1 0.153 0.134 0.089 0.119 0.409 0.427

Tomato
0.106 0.295 0 0 0.091 0.044 0.807 1 0.122 0.126 0.151 0.124 0.426 0.008

0.398 0.659 0 0 0.025 0.142 1 1 0.142 0.102 0.067 0.127 0.369 0.397 0.282 0.146 0 0 0.046 0.056 0.783 1 0.122 0.134 0.038 0.041 0.43 0.02

Model
predicted phenotype – Metric

predicted fruit
Imp_3_DW Imp_3_DW_variables30percent
Imp_4_DW Imp_4_DW_variables30percent

- Predictive metabolomics enabled the accurate prediction of fruit growth, physiology, and quality traits. 
- Identification of biomarkers linked to the predicted traits has been performed
- Need to put the biomarkers in context to identify metabolic pathways in which the markers are present
- Transcriptomics and proteomics data on the same samples are under analysis (check the presentation of 
Chloé Beaumont on Friday morning!)
- Results provide insights into molecular targets for future breeding efforts to improve fruit traits

Results of the predictive approach on the global predictions using Elastic-net or LASSO classification and 
regression models Box-plots represent the distribution of 100 repeats. For classification, dashed line 
correspond to the No Information Rate for each phenotype. The upset-plot represents the biomarkers 
shared for the different predictions, based on their occurrence in the Elastic-net and LASSO models
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