This paper proposes the Plausible Pareto Density Estimation-based Naive Bayes classifier (PDENB), an innovative baseline classifier addressing key limitations of traditional Naive Bayes. Unlike conventional methods relying on Gaussian mixtures or kernel density estimation with rigid distributional assumptions, PDENB leverages nonparametric Pareto Density Estimation (PDE) to model feature distributions without prior assumptions. It incorporates smoothing via Gaussian convolution and plausibility correction to resolve misclassifications of low-evidence observations, a critical pitfall in Bayesian theory. Evaluated on 14 datasets (including UCI repositories and a cell population dataset), PDENB achieved the top average rank (2.46) among 8 classifiers, with MCC ≥ 0.95 on multiple datasets. In a practical application distinguishing blood from bone marrow via flow cytometry, it reached 99.3% accuracy, outperforming existing methods. PDENB also supports interpretability through mirrored-density plots and 2D Voronoi tessellations, enabling insight into class-conditional distributions and decision boundaries. Its strength lies in robust, scalable performance across diverse data scenarios while maintaining transparency. 
1. How does the choice of the δ parameter in PDENB’s plausibility correction influence classification stability and conservatism?
We added a paragraph in the discussion (lines 843-853):
[bookmark: _Hlk216102639]“The δ-based adjustment provides a controlled way to nudge likelihood mass from the current top class toward a nearby mode without distorting the global posterior landscape. The parameter δ governs the trade-off between conservatism and decisiveness: small δ produces minor, local adjustments that yield stable and interpretable posterior changes, whereas larger δ would raise the likelihood of MAP flips in low-evidence regions. Because Equation (15) transfers a bounded amount of mass from one class to another, the overall likelihood geometry is preserved and posterior trajectories remain smooth rather than exhibiting abrupt thresholding, particularly near class boundaries. This produces a gradual change in the likelihood profile (illustrated in Figure 1 and resembling a fading-variance effect) and enhances the MAP estimate for the closest-mode class while retaining Bayesian coherence and interpretability.”
2. Compared with state-of-the-art non-baseline classifiers (e.g., random forests), what are PDENB’s performance gaps on highly imbalanced datasets? 
Due to the limitation of time (deadline of revision), we managed to computed a small benchmark against 4 imbalanced datasets using rf for comparison. We organized a real-world dataset from a medical use case with high imbalance and many samples to signify our experiment (Line 1029 -1037):
“To evaluate the influence of class imbalance, we selected two datasets from our benchmark, Dermatology and CellPopulations. In addition, we used the CellPopulations dataset described in the Methods section and the Ecoli dataset from the UCI Machine Learning Repository. The Dermatology and Ecoli datasets were evaluated without additional preprocessing.
Furthermore, we measured an additional healthy-donor sample at the University Hospital of Marburg, Germany, using a Navios flow cytometer (Beckman Coulter). Besides forward and side scatter (FS_PEAK, FS_INT, SS_INT), this sample included the following markers: CD34 FITC, CD13 PE, CD7 PerCP-Cy5.5, CD33 PE-Cy7, CD56 APC, CD117 AF750, HLA-DR PB, and CD45 Krome Orange. The file was compensated on the instrument but not further preprocessed. Within this sample, we manually annotated major leukocyte subsets (B cells, granulocytes, monocytes, NK cells, and T/NK cells), which both classifiers were then tasked to predict under the cross-validation procedure described in the Methods section. All datasets used in this analysis are summarized in Table E1.”
 We report the results in the manuscript but it is out of scope of this work to systematically investigate, if they are generalizable. We discuss the results in the discussion (lines 854-865) and provide the results in the supplementary E in Lines 1038-1055:
[bookmark: _Hlk216102594]“The results show that Random Forests (RF) often but not always attain slightly higher average MCCs than PDENB on four imbalanced datasets (Dermatology: 0.97 vs 0.95; Ecoli: 0.84 vs 0.81; CellPopulations: 0.99 vs 0.98; Leucocytes: 0.92 vs. 0.94), although the differences are small, so their practical significance should be confirmed on additional imbalanced datasets and, then, by an appropriate statistical test. The detailed contingency tables reveal where those small aggregate differences arise. 
For Dermatology RF improves most notably on class-2 and class-6, reducing false discoveries relative to PDENB, whereas PDENB performs comparably or slightly worse across several classes but retains high per-class recall for the dominant classes. In Ecoli the poorest performance of both methods occurs on extremely small classes (two-sample classes C3 and C4), which are essentially impossible to learn stably; both classifiers assign those cases to the large class 8, indicating that class scarcity—not model idiosyncrasy—is the primary problem. RF has a better performance on class 7 which has also a small sample size. For the large, multi-class CellPopulations problem both methods perform near-perfectly for the major classes, but PDENB shows more confusion for very small classes (e.g. class 12), again reflecting sample-size limitations. For the Leucocytes, the Random Forest is able to learn the small classes BCells, Monocytes and TNKCells slightly better than the PDENB, however RF fails to learn NKCells almost completely and confuses NKCells with TNKCells, while PDENB achieves a better distinction of NKCells especially towards the heavily overlapping class TNKCells. The example highlights the potential of the naïve Bayes to learn challenging relationships between various class depending features given enough training data even in situations with high class overlap.
Although due to the small number of datasets not generalizable, these patterns are consistent with the methods’ strengths and weaknesses: Random Forests capture complex, multivariate interactions and are flexible with heterogeneous features, which often gives them an edge on structured, imbalanced multi-class tasks. PDENB, by contrast, relies on one-dimensional class-conditional likelihoods (with PDE smoothing and a plausibility correction); this makes it robust and highly interpretable and often competitive in overall performance, but less able to exploit multivariate interactions that RF leverages. Class imbalance amplifies these differences: very small classes produce noisy density estimates for PDENB and few training examples for RF, so both fail, but RF’s tree ensemble can sometimes use correlated features to recover tiny classes more effectively.”

And reference them in the discussion (lines 854-865):
“
[bookmark: _Hlk216101984]In supplementary E we show that random forest (RF) yields a small but consistent edge in raw MCC on four imbalanced datasets, while PDENB provides a transparent, well-calibrated and parameter-free baseline whose errors are interpretable from the class-conditional likelihood plots. The benchmark on four imbalanced datasets hints that PDENB cannot necessarily achieve high performance for minority classes if there is a lack of samples, since the minority might be underrepresented. When two classes overlap strongly in feature space, one class can suffer disproportionately poor performance—especially if it is less prevalent or more heterogeneous. Differences in class prevalence (priors) or in within-class variability shift posterior probabilities toward the dominant (or more concentrated) class, which increases misclassification of the disadvantaged class. An estimation of a risk leading to a reweighting of the posteriori might be helpful, if the false negative rate of a specific minority class should be minimized.
„
3. Why is a class-independent Pareto radius preferred over class-dependent estimation, and what empirical evidence supports this design choice? 
We present results in the supplementary part D as empirical evidence. We directly compare the both versions, global and local, to each other with tabular results. We highlight differences, by grouping the overall performance with an ABC analysis into high, moderate and low performance use cases. The resulting three performance table clearly represent the higher performance of the global radius over the local. Since not always a better performance might be achieved with the global Pareto radius estimation, we give the user the opportunity to choose the parameters.
In Supplementary D we state:
“Exemplary in Supplementary D (Tables D1-D3 and Figure D1), we show our design decision between the estimation of a global radius versus a class-dependent radius. We compute both approaches to directly compare the overall performance and visualize the distribution of pairwise differences (global – local) with Mirrored Density plots (MD plots). The overall performance can be segmented into three groups with the ABC analysis: high, moderate and low performing examples. Focusing on the distributions showing the differences within the 100 trials of each benchmark, the global strategy shows a tendency for higher performance in many high performing cases, even though the overall rounded performance was equal. Higher differences can be observed on datasets with lower performance.”

In the revised discussion section, we added (lines 832-838):
[bookmark: _Hlk216101847]„Exemplary, we present results from our preliminary experimentation for the decision process between a global versus a local (class-dependent) Pareto radius in the supplementary D and showcase our reasoning. As supplementary D shows, the strategy with a global Pareto radius achieves better results in the high performing examples, while the local radius achieved better results rather in the low and moderate performing examples. Therefore, it is justifiable that the global strategy is the default setting although the user is able to change the radius estimation to the local mode.”
4. Can PDENB be extended to handle categorical features, and if so, what modifications to the PDE-based density estimation are required? 
We add supplementary G in Line 1080ff describing the current heuristic of PDENB:
“Histogram-based fallback for low-cardinality features.
PDENB is designed primarily for continuous features and uses Pareto Density Estimation (PDE) when sufficient data are available per class. However, for features with few distinct values or very small class-specific sample sizes, PDE can become unstable. In these cases, we fall back to a simple histogram-based estimator with an automatically chosen number of bins, following the practical rules for the threshold of the minimal amount of values in data   and  (i.e., the threshold of the minimal amount of unique values in data)  , derived in Thrun et al. (2020).
Concretely, for a given feature and class, let  denote the number of distinct observed values and the number of samples in class . If the feature does not satisfy

we do not apply PDE (similar to the MD plot) but instead estimate a one-dimensional density via an equal-width histogram. First, we determine the number of bins  using [1]. On the observed range of the feature we construct equal-width bins  with edges in the range of data with

The kernel grid points are defined as the bin midpoints between  and 

The class-conditional histogram density is obtained by normalizing bin counts by the total number of observations in the class and the bin width, 

​where is 1 if the condition holds and 0 otherwise and  is the number of samples in class .
This yields a simple, well-normalized density estimate that is numerically stable for low-cardinality or small-sample situations and can be used directly as the class-conditional likelihood in PDENB. For categorical features we therefore currently fall back to a simple, practical histogram-style estimator based on the  threshold.
“
We added to the discussion (lines 879-891) of the revised manuscript:
“PDENB assumes continuous feature domains. For features with only a few distinct numeric values or very small class-specific sample sizes, we therefore fall back to a simple histogram-based likelihood with an automatically chosen number of bins (Thrun et al., 2020), as described in Supplementary G. Truly categorical variables, i.e., unordered labels without a meaningful numeric scale, are mathematically different: they do not admit a probability density in the sense defined in the Methods section, and we do not implement a dedicated categorical likelihood model for them in the present work. In principle, PDENB could be extended to such features by replacing the continuous density with a multinomial/Dirichlet class-conditional model over categories, or by embedding categories into a continuous representation and applying PDE in that space. We regard this as a natural direction for future work and, in this study, deliberately restrict ourselves to continuous and quasi-continuous features, for which PDE and the histogram fallback are well defined and interpretable.”
5. How does PDENB’s computational efficiency scale with datasets containing millions of samples and hundreds of features?
We computed the PDENB on big data with low and high dimensionality on an artificially enhanced dataset without any loss of computational load. We document the results and observations in the supplementary section F and comment on it in the discussion (lines 873-878):
[bookmark: _Hlk216096661]“We computed PDENB for a runtime inspection on the CellPopulations dataset enhanced to 5 million cases resulting in exemplary datasets of 1 and 4 million cases after split into training and test dataset. Similar, the dataset can artificially be enlarged to 100 dimensions by reusing columns without loss of computational load. We then executed the PDENB on the so obtained dataset 30 times, having examples of both 14 and 100 dimensions, and 1 and 4 million cases. The final runtimes for training and prediction are documented with median and AMAD (adjusted mean absolute deviation) in table F1.”
[bookmark: _Hlk216097660]“A more explicit runtime test was executed and documented in the supplementary F. The PDENB can compute large datasets of a million cases with up to 100 feature dimensions within a few minutes (<7 minutes). The computational speed of the training drastically decreases for hundres of feature and multiple million observations, however is still feasible with a runtime under an hour. The prediction remains comparably fast with a runtime of under 13 minutes for 4 million cases and 100 features.”
6. What measures could further enhance PDENB’s robustness when mode estimation fails in overlapping or noisy feature distributions?
PDENB already incorporates several safeguards against unreliable mode estimates in overlapping or noisy features: we use robust one-dimensional mode estimators (half-sample mode, etc.), restrict plausibility corrections to low-posterior regions, and require a minimal inter-mode separation (Eq. 14) before any -based adjustment is applied. Hence, Noisy feature distribution is solved with minimum distance between two modes (Eq. 14) because overlapping modes will not yield any useful hints for prefering one class over another.
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