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Synonymous mutations are traditionally viewed as neutral because they do not alter protein sequences. s
However, they can still be deleterious through effects on expression, MRNA structure, or regulation. JpE— LR ; CALWT SR L ; AL Fitness tends to
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Classification performance across models predicting synonymous mutation fitness classes. The precision
To predict the evolutionary fitness effects of synonymous mutations, we used a dataset from Shen et al heatmap (top left) shows high performance for the Neutral class across models, with only Random Forest,
- ! ' XGBoost, and KNN achieving moderate precision for deleterious classes. The recall heatmap (bottom left),
2022 [1] which includes: reveals that linear models tend to overcall deleterious mutations, while ensemble methods reliably recover
| h f f ht), th f delb h
N , : : , . . Neutral cases. The confusion matrix for XGBoost (right), the top-performing model by accuracy, shows strong
(i) ~8,000 single SNPs over 150bp coding regions in 22 nonessential Saccharomyces cerevisiae genes Neutral synonymous mutation classification but limited sensitivity to deleterious synonymous mutations.
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