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BioAnalyzer RIN score. Theoretical percentage was used as reference to evaluate the closeness of fit for quality.

Figure 1: Methods for assessing RNA quality and quantitation 1a. Qubit 4: Quantitation was determined in Model C machine learning and Model D (BioAnalyzer). Nanodrop was used as Figure 6: Preparing and quantitating the library. Prior to running the targeted gene
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