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Abstract

This response addresses the comments raised by Souichi Oka and colleagues in their Letter to the Editor titled “Addressing biases and
limitations in feature attribution for circRNA modification profiling.” We clarify that two independent XGBoost models were used for
distinct purposes in our analysis: one for predicting RNA modification events from nanopore-derived signal features and another for feature
attribution using genome-derived sequence features extracted through the m6AlogisticModel framework. We further note that Shapley
Additive Explanations (SHAP) was employed as an exploratory interpretability tool rather than as definitive evidence of causal biological
mechanisms. We appreciate the constructive methodological suggestions provided and acknowledge that integrating complementary
analytical strategies may further enhance the robustness of computational studies of circRNA modifications.
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Dear Editor,

We thank Souichi Oka and colleagues for their thoughtful comments
on our article, CircRM: profiling circular RNA modifications from
nanopore direct RNA sequencing. Their discussion raises several
important issues concerning the interpretation of feature importance
and the methodological limitations of machine-learning-based
analyses in epitranscriptomic studies. We appreciate the opportunity
to clarify several aspects of our study.

First, we would like to clarify the modeling framework used in
our analysis. In our study, two distinct XGBoost models were con-
structed for different analytical purposes. The first model, which
incorporated nanopore signal-derived features such as dwell time
and other signal statistics, was developed solely for the prediction of
RNA modification events. In contrast, the feature attribution analy-
sis reported in our study was performed using a second, indepen-
dently trained model. For this analysis, genome-derived sequence

features were extracted using the feature representation strategy
implemented in m6AlogisticModel [1], after which a separate XGBoost
model was trained based on these features. Importantly, this second
model is independent of the prediction model based on nanopore
signal features. Therefore, the SHAP-based interpretation presented in
our study reflects the behavior of the sequence-feature model rather
than the signal-based prediction model.

Second, the use of SHAP for model interpretation represents a
widely adopted approach in machine learning and bioinformatics.
SHAP provides a theoretically grounded framework for estimating
feature contributions based on cooperative game theory and has been
widely used to interpret complex predictive models across diverse bio-
logical applications [2, 3]. While we acknowledge that no attribution
method is without limitations, SHAP remains a commonly used tool
for examining how predictive features contribute to model outputs.
In our study, SHAP analysis was used primarily as an exploratory
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approach to identify features that may be associated with the model’s
predictions, rather than as definitive evidence of causal biological
mechanisms.

Third, we appreciate the authors’ constructive suggestions regard-
ing potential methodological improvements. In particular, approaches
such as highly variable feature selection, feature agglomeration, and
complementary non-parametric statistical analyses may provide addi-
tional perspectives for evaluating feature relevance in complex bio-
logical datasets. We agree that incorporating multiple analytical per-
spectives can strengthen the robustness of computational inference.
These suggestions are valuable and will be considered in future work
aimed at further improving the analytical framework for circRNA
modification profiling.

In summary, we thank the authors for their constructive comments
and for highlighting important considerations regarding model inter-
pretability. We hope that the clarifications provided here help to better
explain the analytical design of our study. Continued methodological
discussion will undoubtedly contribute to improving computational
approaches for studying RNA modifications.

Key Points

® CircRM employs two independent XGBoost models for prediction
and interpretability analyses.

* SHAP was applied as an exploratory interpretability tool to examine
feature contributions to model predictions rather than to establish
causal biological mechanisms.

® The methodological suggestions proposed in the Letter are appre-
ciated and may help further improve the robustness of computa-
tional analyses for circRNA modification profiling.
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