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Abstract; N6-methyladenine (6mA) refers to the methylation modification of the nitrogen atom at position 6 of adenine, which plays an
important role in maintaining the normal transcriptional activity of cells, DNA damage repair, chromatin remodeling, genetic imprinting,
embryonic development and tumorigenesis. However, it is a challenge to detect 6mA sites through experimental methods , which are time—
consuming and costly. In recent years,the research community has proposed several machine learning—based approaches for 6mA sites
detection. However,the existing 6mA detection approaches heavily rely on a single learning model. A single learning model mainly
focuses on some respects to detect 6mA sites,and its accuracy and generalization ability need to be further improved. Ensemble learning
can achieve powerful performance by combining multiple models. To address the drawbacks of a single learning model, a stacking
ensemble—based 6mA site prediction method called StackomAPred is proposed. StackoémAPred consists of two layers of classifiers. In the
first layer, three mainstream classifiers such as Naive Bayes, support vector machine (SVM) and LightGBM are integrated, and in the

second layer the logistic regression (LR) classifier is used. StackomAPred uses five sequence features to encode the experimentally
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identified 6mA sequences and non-6mA sequences into feature vectors,and employs XGBoost ( extreme gradient boosting ) algorithm to

select important features from a high dimension. We conduct a five—fold cross— validation test on the benchmark rice datasets and

compare with current best performing method MM-6mAPred. Results show that StackomAPred has achieved better performances on five

common evaluation metrics, including sensitivity , specificity , accuracy , MCC ( Matthews correlation coefficient) and AUC (area under

the ROC curve). Performances of these five metrics are increased by 1.7% ,1.36% ,1.72% ,0.06 and 0. 032 respectively.

Key words: N6 — methyladenine ( 6mA ) ; stacking ensemble learning; extreme gradient boosting ( XGBoost ) ; LightGBM; support

vector machine
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