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This study employed two published datasets:

1) Cambray et al, Nature Biotechnology, 2018: 228,000 UTR sequences 96nt long transformed into E. coli, plus normalized sfGFP fluorescence measurements. For
model training, we employed fluorescence averaged across 4 repeats from the original study.

2) Vaishnav et al, Nature, 2022: 3,929 promoter sequences 80nt long from S. cerevisiae, plus normalized YFP fluorescence measurements. For model training, we
employed the singlicate data published in the original study (Supplementary Figure 4F in Vaishnav et al).

Both datasets have been cleaned and reorganized in a form suitable for machine learning analyses; the cleaned datasets are available in Zenodo at https://
doi.org/10.5281/zenodo.7273952.

1) Cambray et al, Nature Biotechnology, 2018: The dataset (~228k sequences) was first split into 56 groups according to the two dimensional
projection in Fig 1B and the original source Cambray et al, Nature Biotechnology, 2018. Within each group, we sampled sequences stratified
according to the measured sfGFP fluorescence. These smaller datasets were used to train the machine learning models. We used training sets
of increasing size up to N=3,000 sequences for results in Fig 2B, 3C-D, 4A-C; N = {53,480; 106,960; 160,400} for Fig 3B; and N=5,800 for the
deep learning model in Fig 5.

2) Vaishnav et al, Nature, 2022: The data (3,929 sequences) has an inherent cluster structure (Figure 6A). The models in Figure 6B were
trained on a dataset of fixed size (N=400 sequences). These training sets were constructed by first aggregating clusters into twelve groups
containing ~320 sequences/group , and then successively merging fractions of those groups to create new training sets with improved
diversity. The specific groups for the aggregates were randomly chosen from a uniform distribution.

1) The original dataset in Cambray et al, Nature Biotechnology, 2018, contains ~244,000 sequences. We excluded all sequences for which
there were no measurements of sfGFP fluorescence and growth rate. This reduced the dataset to ~228,000 sequences. This has been carefully
explained in the Methods section.

2) The dataset from Vaishnav et al, Nature, 2022, was employed as is. No exclusions were made.

Model accuracy was reported as the coefficient of determination (R^2) between measured and predicted fluorescence. In all figures, the
report R^2 is the average across the five training repeats computed on a test set; in each repeat we resampled both training and test set to
obtain robust performance scores. This has been explained in the Methods section and figure captions.

Data for model training, validation and testing were randomly sampled from the full dataset.

When training models, investigators were blind to the test sets employed for computing model accuracy, and these were held-out early in our
pipeline to avoid data leakage. Details on our strategy for holding-out test data and creating the validation data have been included in the
Methods and the schematic in Supplementary Figure S3A.




