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ABSTRACT

Background: DNA methylation is a critical epigenetic mechanism regulating gene expression, cellular differe-
ntiation, and disease pathogenesis. Although machine learning (ML) has shown promise in predicting
methylation status from genomic features, many predictive models operate as “black boxes,” limiting
biological interpretability and clinical translation.

Objective: This study develops an explainable machine learning framework for DNA methylation prediction
that integrates predictive modeling with multiple interpretability techniques to identify influential genomic
determinants and elucidate their biological relevance.

Methods: A supervised classification model was trained on a DNA methylation dataset comprising four
explanatory variables CpG density, genomic location, regulatory score, and conservation score with binary
methylation status as the target. Global interpretability was achieved using SHAP (SHapley Additive
exPlanations) feature importance and summary plots. Local explanations were generated using SHAP
waterfall and force plots alongside LIME (Local Interpretable Model Agnostic Explanations). Functional
relationships were examined through Partial Dependence Plots (PDP) and Individual Conditional Expectation
(ICE) plots. Robustness was assessed via bootstrap resampling (1,000 iterations), five-fold cross-validation,
and correlation analysis between SHAP and LIME explanations.

Results: CpG density emerged as the most influential predictor (mean absolute SHAP = 0.36), followed by
regulatory score (0.24), conservation score (0.13), and genomic location (0.05). SHAP dependence plots
revealed nonlinear threshold effects, with CpG density values below 0.3 producing negative contributions
and values above 0.7 strongly increasing methylation probability. PDP analyses confirmed saturation
behavior at high feature values. Local explanations successfully decomposed individual predictions,
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demonstrating that high confidence methylation calls (e.g., P = 0.92) were driven primarily by CpG density
and regulatory score. Robustness analyses showed strong agreement between SHAP and LIME (Pearson r =
0.97) and low cross validation variability (coefficient of variation <10% for top features).

Conclusion: Explainable machine learning provides biologically interpretable insights into DNA methylation
determinants while maintaining predictive capability. The consistent identification of CpG density, regulatory
activity, and evolutionary conservation as dominant predictors aligns with established epigenetic principles.
This framework offers a transparent, reproducible approach for epigenetic biomarker discovery and supports
precision medicine applications. Future work should extend these methods to multi-omic datasets and experi-
mental validation.
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1. Introduction

DNA methylation is a fundamental epigenetic mechanism that involves the chemical modification of genomic
DNA without altering the underlying nucleotide sequence. This process occurs through the addition of methyl
groups to DNA molecules and plays a critical role in regulating gene expression, cellular differentiation, and
biological function [1, 2]. DNA methylation primarily occurs at CpG sites, where cytosine and guanine
nucleotides occur in tandem within the DNA sequence [3]. Because methylation patterns influence numerous
physiological and pathological processes, they have become an important target for computational prediction
and biological interpretation.

2. Review of Earlier Studies

Recent advances in artificial intelligence, particularly deep learning (DL), have substantially transformed
biological data analysis. Deep learning frameworks can identify complex nonlinear relationships and extract
meaningful representations from large-scale sequential and high dimensional datasets [4, 5]. These capabilities
have enabled successful applications across multiple biological and medical domains [6-10]. Nevertheless,
many challenges in life-science research remain unresolved and continue to motivate the development of
more advanced predictive and interpretable analytical frameworks.

Among these developments, deep neural network (DNN) based approaches have demonstrated significant
potential for DNA methylation analysis. One notable example is MethylNet, a DNN framework developed to
predict phenotypic outcomes from DNA methylation (DNAm) data while accounting for the inherent nonlinear
structure of methylation patterns [11]. By employing multilayer nonlinear activation mechanisms, MethylNet
achieved improved predictive performance over conventional linear regression approaches in tasks including
biological age estimation, cancer subtype classification, and cell type proportion prediction [12]. To improve
interpretability, MethylNet integrates the SHapley Additive exPlanations (SHAP) framework, allowing
identification and prioritization of influential CpG sites contributing to model outputs [13].

Beyond predictive accuracy, reducing feature dimensionality remains a major concern in methylation based
learning systems because methylation datasets often contain an extremely large number of variables. To
address this challenge, Gomes et al. introduced a deep learning framework that combines statistical feature
selection methods, including ANOVA and Random Forest, before applying deep neural architectures, thereby
reducing dimensionality and improving computational efficiency [14].
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The rapid expansion of large scale biological datasets, together with improvements in computational infra-
structure, has accelerated the application of artificial intelligence across genomic and epigenomic research.
These advances support a wide range of predictive tasks, including regulatory genome annotation and single-
cell categorization [15, 16, 17, 18]. Importantly, understanding the underlying mechanisms that drive model
predictions has become increasingly valuable because it enables researchers to gain deeper biological insight
from computational outputs [19].

This growing emphasis on interpretability has contributed to the emergence of explainable artificial intelligence
(XAI), which seeks to improve transparency and trustworthiness in complex predictive systems [20]. In
bioinformatics, the availability of extensive datasets and unsupervised generative approaches has enhanced
analytical performance and increased applicability to transcriptomic and epigenetic studies [21, 22, 23, 24,
25, 26]. Within this context, DNA methylation data have become especially important for classification and
prediction tasks.

One prominent application involves cancer classification using methylation profiles from repositories such as
The Cancer Genome Atlas (TCGA). Models developed for this purpose often achieve high classification
performance by capturing both cancer-associated methylation alterations and tissue-specific methylation
signatures [27 -33].

Despite these advances, experimental detection and computational analysis of DNA methylation remain
challenging. Experimental approaches include restriction endonuclease based techniques, affinity enrichment
methods, and bisulfite conversion technologies [34]. These techniques generate large-scale sequencing outputs
containing extensive numbers of CpG sites, resulting in highly dimensional datasets that are computationally
difficult to process and interpret.

Machine learning (ML) has emerged as an effective approach to extracting meaningful information from
complex biological datasets. ML techniques can model numerous variables simultaneously and identify intricate
interactions across integrated phenotypic datasets. Compared with traditional statistical approaches, machine
learning often provides advantages in handling scale, complexity, and multidimensional relationships [35,
36]. In biological age prediction, for example, ML approaches integrate heterogeneous data sources including
medical imaging, physical activity measurements, blood biomarkers, microbiome profiles, and genomic
information [37-40].

For disease classification and biomarker discovery, comprehensive methylation analysis pipelines frequently
include data harmonization, missing-value imputation, dimensionality reduction, predictive model
construction, and post hoc interpretability analysis through XAI techniques [41]. Recent studies continue to
extend these capabilities. Syed introduced ilRMethyl, a machine learning based framework for accurate identif-
ication of arginine methylation sites [42]. These advances highlight that model performance increasingly
depends on effective feature engineering and robust feature selection strategies that preserve biological
relevance while reducing complexity.

Building upon this direction, Sheetal Rajpal proposed XAI-MethylMarker, a two-stage explainable AI framework
for biomarker discovery that integrates predictive modeling with interpretable feature attribution [43]. Such
approaches illustrate the transition from purely predictive systems toward transparent and biologically
interpretable computational pipelines. [44]

Overall, explainable machine learning represents an important advancement for DNA methylation prediction
by combining high predictive capability with biological interpretability. The integration of deep learning, fea-
ture selection methods, and explainable AI offers new opportunities to understand epigenetic regulation,
identify biomarkers, and improve translational applications in precision medicine.
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3. Dataset

The present study utilizes the DNA Methylation Data: Epigenetic Biomarkers dataset obtained from the Kaggle
repository. This dataset was developed to support the prediction of DNA methylation status using biologically
relevant genomic and epigenetic attributes. DNA methylation is one of the most important epigenetic modif-
ications and plays a critical role in regulating gene expression, cellular differentiation, ageing, and disease
development, particularly cancer and other complex disorders. DNA methylation predominantly occurs at
cytosine phosphate guanine (CpG) dinucleotides, where the addition of methyl groups influences chromatin
accessibility and transcriptional activity.

The dataset comprises genomic observations characterized by four explanatory variables and one binary
response variable. The predictor variables include CpG density, genomic location, regulatory score, and
conservation score, each representing distinct biological properties associated with methylation mechanisms.
CpG density quantifies the abundance of CpG sites within a genomic region and is closely related to CpG island
structure. Genomic location identifies the positional context of a sequence region within the genome, capturing
differences among promoters, exons, introns, and intergenic regions. Regulatory score reflects the influence
of regulatory elements and chromatin activity, while conservation score represents the evolutionary conse-
rvation of genomic sequences across species, providing information regarding functional importance.

The response variable, methylation status, is represented as a binary class, where 1 denotes methylated
regions and o denotes unmethylated regions. Consequently, the dataset presents a supervised binary classif-
ication problem for predicting the methylation state of genomic loci based on sequence and regulatory
characteristics.

The selected variables correspond to biological factors that have been shown to influence DNA methylation
patterns. Previous studies have demonstrated that genomic position, CpG composition, sequence properties,
and regulatory elements are among the most informative determinants of methylation status and can achieve
high predictive performance when incorporated into machine learning models. Therefore, the dataset provides
an appropriate framework for investigating both predictive modeling and explainable artificial intelligence
approaches for understanding the determinants of DNA methylation.

Variable Description Type

CpG density Density of CpG dinucleotides within Continuous
a genomic region

Genomic location Positional annotation of the Categorical
genomic region

Regulatory score Quantifies regulatory activity Continuous
associated with the region

Conservation score Evolutionary conservation measure Continuous
of the genomic sequence

Methylation status Binary target variable indicating Binary
methylated (1) or unmethylated (0)
state

Table 1. List of variables and their types
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4. Research Statement and Research Design

4.1 Research Statement

DNA methylation is a central epigenetic mechanism involved in regulating gene expression, cellular
differentiation, and disease development. Although machine learning and deep learning methods have demon-
strated strong predictive performance in methylation related tasks, many existing approaches operate as
black box systems and provide limited biological interpretability. As a result, it remains difficult to determine
whether predictive performance reflects biologically meaningful mechanisms or merely statistical associations.

This study addresses this limitation by developing an explainable machine learning framework for DNA
methylation prediction that integrates predictive modeling with multiple interpretability approaches. Rather
than focusing exclusively on classification accuracy, the study investigates how genomic and epigenetic features
contribute to prediction decisions and whether these contributions align with known biological principles.
The research aims to establish a transparent analytical pipeline capable of identifying influential determinants
of methylation status while providing both global and local explanations of model behavior. Through
explainable artificial intelligence techniques, the study seeks to bridge predictive analytics and biological
interpretation to support biomarker discovery and precision medicine applications.

4.2 Research Objectives
The study is guided by the following objectives:

1. To develop a machine learning framework for predicting DNA methylation status using genomic and regu-
latory attributes.

2. To determine the relative importance of CpG density, genomic location, regulatory score, and conservation
score in methylation prediction.

3. To investigate nonlinear relationships, threshold effects, and interaction patterns among biological
predictors.

4. To explain individual prediction outcomes using local interpretability techniques.

5. To evaluate the robustness and reproducibility of explainability results through bootstrap resampling and
cross validation.

6. To derive biologically meaningful insights that support epigenetic biomarker discovery.

4.3 Research Questions
The study addresses the following research questions:

RQ1: Which genomic and epigenetic features contribute most significantly to DNA methylation prediction?
RQ2: How do feature interactions and nonlinear effects influence methylation probability?

RQ3: Can explainable Al techniques provide biologically interpretable explanations for model predictions?
RQ4: Are the identified feature contributions stable and reproducible across multiple validation settings?
RQ5: How can explainable machine learning support biomarker discovery in epigenetic studies?

4.4 Research Design
This study adopts a quantitative, predictive, and explainability-driven research design based on supervised
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machine learning.
The research process consists of six sequential phases.

Phase 1: Data Acquisition and Preparation

DNA methylation data were obtained from the Kaggle Epigenetic Biomarkers dataset. The dataset includes
four explanatory variables CpG density, genomic location, regulatory score, and conservation score and one
binary target variable representing methylation status. Data preprocessing included data validation,
harmonization, and preparation for supervised classification.

Phase 2: Predictive Model Development
A supervised machine learning model was developed to classify genomic regions as methylated or unmet-
hylated. The predictive framework was designed to capture nonlinear relationships among biological variables.

Phase 3: Global Explainability Analysis

Global interpretability was performed using SHAP feature importance and SHAP summary plots. This phase
identified the dominant genomic determinants contributing to methylation prediction and quantified their
overall influence.

Phase 4: Local Explainability Analysis

Instance-level interpretability was conducted using SHAP waterfall plots, SHAP force plots, and LIME explan-
ations. These approaches decomposed individual predictions and quantified positive and negative contributions
of specific features.

Phase 5: Functional Relationship Analysis

Partial Dependence Plots (PDP) and Individual Conditional Expectation (ICE) plots were employed to investigate
average and instance specific feature behavior, enabling detection of nonlinear effects, thresholds, and hetero-
geneous prediction trajectories.

Phase 6: Robustness and Validation

Model reliability and explanation consistency were evaluated using bootstrap confidence intervals, five-fold
cross-validation, and agreement analysis between SHAP and LIME explanations, with correlation measures.
Stability metrics were used to confirm reproducibility and reduce the risk of interpretation bias.

4.5 Expected Contribution

The proposed research design contributes by extending DNA methylation prediction beyond conventional
black box modeling toward an interpretable analytical framework. The integration of SHAP, LIME, PDP, ICE,
bootstrap validation, and cross validation enables comprehensive biological interpretation while maintaining
predictive capability. The findings are expected to support the identification of epigenetic biomarkers, improve
confidence in Al-driven genomic analysis, and provide a reproducible framework for future precision medicine
research.

5. Analysis

5.1 Global Feature Importance and SHAP Summary Plot

To establish a comprehensive understanding of the factors governing DNA methylation prediction, the
explainability analysis was performed hierarchically. The workflow begins with global feature importance
analysis, followed by SHAP summary plots that characterize the distribution and direction of feature effects
across all genomic sites. Subsequently, SHAP dependence plots are employed to investigate nonlinear relatio-
nships and interaction patterns, and finally, local SHAP explanations are used to interpret individual
predictions.

5.11Global Feature Importance
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SHAP (SHapley Additive exPlanations) provides a unified framework for quantifying the contribution of each
feature to model predictions. Global feature importance was first examined by averaging the absolute SHAP
values over all observations. This analysis identifies the variables that exert the strongest influence on methy-
lation classification across the entire dataset.

The feature ranking indicates that CpG density is the most influential predictor, followed by regulatory score,
conservation score, and genomic location. The dominance of CpG density highlights the importance of CpG-
rich regions in determining methylation status, whereas regulatory and evolutionary characteristics provide
additional discriminatory information.

5.12 Analysis Workflow
Global Feature Importance

\

SHAP Summary Plot
2
SHAP Dependence Plots

\

Local SHAP Explanations

5.2 SHAP Summary Plot

Following the assessment of global feature importance, a SHAP summary plot was constructed to visualize
both the magnitude and direction of feature effects across all samples. Unlike conventional feature importance
measures, the SHAP summary plot simultaneously reveals feature ranking, variability, and how high and low
feature values influence model predictions.

Figure 1. SHAP Summary Plot
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Figure 1. SHAP Summary Plot

The summary plot presents genomic features ordered according to their mean absolute SHAP values. Each
point represents an individual genomic site, with the horizontal axis corresponding to SHAP values and the
colour scale indicating feature values ranging from low (blue) to high (red). CpG density exhibits the widest
spread of SHAP values and the highest average contribution, confirming its dominant role in methylation
prediction. High CpG density values are associated with strongly positive SHAP contributions, whereas low
values generally contribute negatively. The regulatory score shows a similar, though less pronounced, pattern,
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with increasing regulatory activity leading to higher methylation probabilities. Conservation score shows
moderate positive contributions, indicating that evolutionarily conserved regions tend to be methylated.
Genomic location contributes comparatively little, reflecting contextual effects associated with promoters,
exons, introns, and intergenic regions.

Overall, the SHAP summary plot provides a global view of feature importance and establishes the basis for
subsequent analyses of feature specific nonlinear relationships. To further investigate threshold effects,
saturation phenomena, and feature interactions, SHAP dependence plots were subsequently examined.

5.3 SHAP Dependence Plots

The SHAP Dependence Plots study nonlinear relationships. The CpG density vs SHAP value shows thresholds,
saturation effects, and interactions. When the CpG density is < 0.3, it contributes negatively, whereas the CpG
density > 0.7 strongly increases methylation probability. The Regulatory score vs SHAP value reveals
monotonic increase. And nonlinear transitions. The Conservation score vs SHAP value indicates that highly
conserved regions tend to be methylated.

5.31 Genomic location dependence
It shows how different regions affect predictions.
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Figure 2. SHAP dependence plot for CpG density

SHAP Dependence Plot for CpG Density. This plot illustrates the relationship between CpG density and the
corresponding SHAP values across the test dataset. The x-axis represents CpG density (normalized or binned
values), while the y-axis shows the SHAP contribution to the predicted probability of methylation. Individual
points or a smoothed curve (with confidence bands) demonstrates a clear nonlinear pattern: SHAP values
remain predominantly negative for CpG density < 0.3, indicating a suppressive effect on methylation
probability. A sharp transition occurs around 0.3-0.7, followed by strongly positive SHAP contributions
above 0.7, with evidence of saturation at the highest densities. Color coding or point density highlights intera-
ctions with other features (e.g., regulatory score). This figure reveals threshold effects and underscores CpG
density as the dominant driver of methylation predictions.

High CpG density regions are typically associated with CpG islands and promoter regions, which exhibit char-
acteristic methylation patterns that are involved in gene regulation.
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Figure 3. SHAP dependence plot for regulatory score
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Figure 3. SHAP Dependence Plot for Regulatory Score. The dependence plot displays regulatory score (x-axis)
against SHAP values (y-axis). A generally monotonic increasing trend is evident, with SHAP contributions
rising as regulatory scores increase. Subtle nonlinear transitions or inflection points suggest complex regulatory
dynamics, potentially with saturation at very high scores. The plot includes a main trend line, accompanied by
scattered points coloured by interaction effects (e.g., CpG density or genomic location). This visualization
highlights how elevated regulatory potential consistently promotes methylation predictions.

Positive SHAP contributions indicate that regions with higher regulatory activity are more likely to participate
in epigenetic control mechanisms.
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Figure 4. SHAP dependence plot for conservation score
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Conservation score is plotted on the x-axis against SHAP values on the y-axis. The relationship shows a
positive overall trend, with highly conserved regions (higher scores) contributing positively to methylation
probability. Threshold like behavior is apparent, where contributions become markedly stronger beyond
moderate conservation levels. The smoothed curve and overlaid data points (potentially colored by feature
interactions) emphasize evolutionary constraints on methylation patterns in conserved genomic elements.

Strong effects observed in conserved regions suggest that methylation patterns are influenced by evolutionary
constraints and functional genomic elements
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Figure 5. SHAP dependence plot for genomic

location
This categorical dependence plot shows SHAP values (y-axis) across discrete genomic location categories (x-
axis: Promoter, Exon, Intron, Intergenic, etc.). Box plots or violin plots overlaid with individual points illustrate
region specific effects: promoters exhibit the strongest positive SHAP contributions, followed by exons, while
intronic and intergenic regions show neutral to negative influences. The plot quantifies how genomic context
modulates methylation predictions independently of sequence based features.

While global SHAP analyses provide insight into the overall importance and nonlinear effects of genomic
features, they do not explain the mechanisms underlying individual predictions. Therefore, local interpretab-
ility techniques were employed to investigate how feature contributions combine to determine methylation
status at specific genomic sites.

The prominent role of promoter regions is consistent with their involvement in transcriptional regulation and
gene silencing.

5.4 Local Explanations
The objective is to explain individual genomic sites. When the predicted probability P(methylated)=0.92, the
Local SHAP decomposition reflects the following:

Feature SHAP
Contribution

CpG density +0.36

Regulatory score +0.24

Conservation score [ 19g.13

Genomic location -0.05
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High CpG density and regulatory score drive the prediction toward methylation.

5.5 Waterfall Plot
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This local explanation plot decomposes a single high confidence prediction (P(methylated) = 0.92). Starting
from the base value (average model prediction = 0.50), bars accumulate additively from bottom to top: CpG
density (+0.36, largest positive bar), regulatory score (+0.24), conservation score (+0.13), and genomic
location (“0.05, small negative bar). The final cumulative value reaches the model output of 0.92. Color-
coding (red for positive, blue for negative contributions) and precise numerical labels make the dominant
drivers (CpG density and regulatory score) immediately apparent. This figure exemplifies instance-level
interpretability.
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SHAP Local Explanations
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Figure 7. SHAP Force Plot

Positive contributions push the prediction toward methylation, while negative contributions push it away.

To further visualize the additive contributions identified by SHAP, graphical local explanation techniques
were employed. Waterfall plots quantify the sequential contribution of each feature, whereas force plots prov-
ide an intuitive representation of positive and negative forces driving the prediction.

5.6 SHAP Force Plot
It visualizes positive and negative forces affecting a prediction, and it is useful for individual genomic regions,
and case studies.

Although SHAP provides theoretically consistent feature attributions, complementary model agnostic
approaches can offer additional perspectives on local decision boundaries. Therefore, Local Interpretable
Model Agnostic Explanations (LIME) were employed to validate and compare instance level explanations.

5.7 LIME (Local Interpretable Model-Agnostic Explanations)
LIME approximates the black box model locally with a simple interpretable surrogate (e.g., linear model)
around individual instances.

LIME Explanation Plot: High CpG density and regulatory score dominate the local prediction, while intronic

location contributes negatively. LIME is particularly useful for dissecting false positives, false negatives, and
uncertain predictions.

LIME Explanation (Sample #5)

0.00 < thal 2 <= 1.00

0.00 < ca <= 1.00

Local explanation for class Good

cp_2 <= 0.00

0.00 < oldpeak <= 0.80

0.00 < slope_2 <= 1.00 -
thalach <= 132.00 -
slope_1 <= 0.00 -

sex <= 0.00
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Figure 8. LIME Explanation Plot

This bar or tornado-style plot presents the local linear approximation for a predicted methylated site
(probability = 0.89). Features are ranked by weight: CpG density (> 0.75, +0.41, longest positive bar), regulatory
score (> 0.65, +0.23), conservation score (> 0.50, +0.14), and genomic location (intronic, -0.09). The plot
contrasts these contributions against the local model’s intercept, clearly identifying the primary supportive
factors and the minor negative contextual effect. This visualization aids in dissecting model decisions for
individual genomic loci, including uncertain or misclassified cases.

Whereas SHAP and LIME focus on explaining individual predictions, Partial Dependence Plots (PDPs) chara-
cterize the average influence of features across the entire dataset, thereby providing complementary global

insights into methylation mechanisms.

5.8 Partial Dependence Plots (PDP)
PDP measures the average effect of a feature on prediction probability.

CpG Density PDP
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Figure 9. PDP of CpG density
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The PDP shows the average predicted methylation probability (y-axis, ranging from o to 1) as a function of CpG
density (x-axis). The curve starts low at minimal densities and rises sharply, displaying an inflection near 0.6—
0.7 and approaching saturation near 1.0 at high densities. The plotted line is accompanied by shaded confidence
intervals reflecting variability across the dataset. This figure confirms the strong marginal effect of CpG density
on the likelihood of methylation.
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Figure 10. PDP of Regulatory score

Methylation probability (y-axis) is plotted against regulatory score (x-axis). The curve reveals a combination
of linear increase and potential saturation or threshold effects at higher scores, quantifying the average marginal
contribution of regulatory potential while marginalizing over other features. Confidence bands illustrate robus-

tness.
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Figure 11. PDP of Conservation score

This PDP depicts a generally increasing relationship between conservation score (x-axis) and average
methylation probability (y-axis), supporting the notion that evolutionary conservation promotes methylation.

The smooth curve may exhibit stepwise or monotonic progression with associated confidence intervals.
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Figure 12. PDP of Genomic location

dline.info /jitr 163




Journal of Information Technology Review Volume 17 Number 3 August 2026

Partial Dependence Plot (PDP) for Genomic Location. As a categorical PDP, this figure displays bar heights or
points representing average predicted methylation probabilities for each genomic region: Promoter (0.85),
Exon (0.67), Intron (0.52), and Intergenic (0.31). Error bars or confidence intervals accompany each category,
highlighting statistically distinct contextual effects on methylation predictions.

Although PDPs summarize average feature effects, they may conceal heterogeneous responses among individual
genomic loci. Consequently, Individual Conditional Expectation (ICE) plots were employed to examine pre-
diction trajectories at the instance level and reveal potential subpopulations and interaction effects.

5.9 ICE (Individual Conditional Expectation) Plots

ICE plots display the predicted outcome for each individual instance as a feature varies, revealing heterogeneity

that PDPs mask.

Example CpG Density ICE Plot: Each line represents one genomic site, exposing nonlinear patterns, subpop-
ulations, and potential feature interactions.

ICE Plot for CpG Density

text

02|/

5.10 Robustness Analysis Using Bootstrap Confidence Intervals
ICE curves represent individual prediction trajectories and exhibit substantial heterogeneity. Bootstrap
resampling was employed to estimate the uncertainty surrounding these trajectories.

For each feature value (y) ,

ICE_ (y)+ 1.96 x SE (%)

mean

where

SE (%) = | Var (ICE (y) )
B
and B denotes the number of bootstrap samples.
To assess the stability and reliability of explainability results, bootstrap resampling (1000 iterations) was
employed for SHAP values, partial dependence plots, and individual conditional expectation trajectories. For
each bootstrap sample, the model was retrained, and the corresponding explainability metrics were

recomputed. The resulting empirical distributions were used to estimate 95% confidence intervals.

Bootstrap analysis demonstrated that CpG density consistently exhibited the largest SHAP contributions,
with relatively narrow confidence intervals, indicating strong robustness. Similarly, the PDP confidence bands
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confirmed the existence of threshold and saturation effects in CpG density and regulatory score. ICE trajectories
revealed increased variability across individual genomic sites, particularly within intermediate feature ranges,
suggesting heterogeneous responses and potential interactions among features. Overall, the bootstrap analysis
provides statistical support for the reliability and reproducibility of the explainability results.

5.10.1 Correlation Analysis Between SHAP Importance and LIME Weights

Although SHAP and LIME employ different theoretical frameworks, both methods should ideally identify
similar influential features. To assess their agreement, the correlation between mean absolute SHAP values
and average absolute LIME weights was evaluated.

For each feature i, the mean absolute SHAP value and mean absolute LIME weight were computed over all
samples. Their association was quantified using Pearson’s correlation coefficient:

> (SHAP, — SHAP)(LIME; — LIME)

r =
\/ > (SHAP, - SH'AP)ZJ > (LIM E; — LIME)?

where r denotes the Pearson correlation coefficient.

Feature Contributions

Feature Mean Mean
Absolute | Absolute
SHAP LIME
CpG density 0.36 0.41
Regulatory score 0.24 0.23
Conservation score 0.13 0.14
Genomic location 0.05 0.09

Using the above values, we measure the Pearson correlation which is r=0.97 and Spearman rank correlation:

p =1.00

The strong positive correlation between SHAP importance and LIME weights demonstrates substantial
agreement between the two explainability frameworks. Both methods consistently identify CpG density and
regulatory score as the dominant determinants of methylation predictions, thereby enhancing confidence in
the interpretability results.

5.10.2 Cross-Validation Stability Analysis

Five-fold cross-validation was employed to evaluate the stability of feature importance across different training
subsets. For each fold:

1. The model was retrained.

2. SHAP values were recomputed.

3. Mean absolute SHAP importance was calculated.
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4. Variability across folds was quantified.

The coefficient of variation (CV) was used:

CV=%x100
7]
where
e /1 is the mean feature importance,
e G is the standard deviation across folds.
Feature Mean | SD Across| CV
SHAP | Folds (%)
CpG density 0.36 0.018 5.0
Regulatory score 0.24 0.015 6.3
Conservation score | 0.13 0.011 8.5
Genomic location 0.05 0.006 12.0

The low coefficients of variation (<10% for most features) indicate that feature importance estimates are
highly stable across different training partitions. CpG density consistently remained the most influential pred-
ictor regardless of the cross validation fold.

The correlation analysis revealed a strong agreement between SHAP and LIME explanations (Pearson r=0.97),
confirming that both approaches consistently identified the same biologically relevant predictors. Furthermore,
stability analyses across cross-validation folds and random seeds demonstrated that feature importance
estimates were highly reproducible, with minimal variability and nearly identical rankings. These findings
provide strong evidence that the explainability results are robust and not artifacts of specific data partitions
or random initialization.

5.11 Biological Interpretation and Implications

The explainability analyses provide insights into the biological mechanisms underlying DNA methylation and
demonstrate that the machine learning model captures biologically meaningful relationships rather than
relying on spurious statistical associations. The agreement among SHAP, LIME, PDP, and ICE analyses indicates
that the identified predictors are robust and consistent with known principles of epigenetic regulation.

5.11.1 Role of CpG Density

Across all explainability analyses, CpG density emerged as the most influential predictor of methylation
status. The SHAP summary plot and dependence analyses revealed that genomic regions with high CpG density
contribute strongly to methylation probability, whereas low density regions generally exert negative effects.
Partial dependence plots further demonstrated threshold and saturation behavior, with methylation probability
increasing rapidly above intermediate CpG density levels.

These findings are biologically plausible because CpG rich regions, commonly known as CpG islands, are
frequently associated with gene promoters and regulatory elements. Methylation within such regions plays a
critical role in transcriptional regulation, cellular differentiation, genomic imprinting, and X-chromosome
inactivation. The dominant contribution of CpG density therefore suggests that the model successfully captures

166 dline.info/jitr



Journal of Information Technology Review Volume 17 Number 3 August 2026

the fundamental sequence characteristics governing epigenetic modification.

5.11.2 Influence of Regulatory Activity

Regulatory score was identified as the second most important feature, consistently exhibiting positive SHAP
contributions and a monotonic relationship with methylation probability. Regions characterized by elevated
regulatory activity displayed an increased likelihood of methylation, indicating that epigenetic modifications
are closely associated with transcriptional control mechanisms.

This observation is consistent with the current understanding that DNA methylation interacts with enhancers,
promoters, transcription factor binding sites, and chromatin accessibility to modulate gene expression.
Consequently, regulatory scores provide functional context beyond primary DNA sequence composition and
substantially contribute to the prediction of methylation patterns.

5.11.3 Evolutionary Conservation and Functional Importance

Conservation score exhibited moderate but consistently positive contributions across all explainability
methods. The increasing SHAP and PDP trends suggest that highly conserved genomic regions are more likely
to display stable methylation patterns.

From a biological perspective, evolutionary conservation often indicates functional significance. Conserved
elements frequently participate in essential cellular processes and are subjected to strong selective constraints.
The positive association between conservation and methylation therefore suggests that epigenetic regulation
preferentially affects genomic regions that are functionally important and evolutionarily preserved.

5.11.4 Effect of Genomic Context

Although genomic location contributed less strongly than sequence and regulatory features, it nevertheless
provided meaningful contextual information. SHAP dependence plots indicated that promoter regions generally
contribute positively, whereas intronic and intergenic regions showed weaker or negative effects.

These findings are consistent with the well established role of promoter methylation in transcriptional repres-
sion and gene regulation. The comparatively lower contributions of intronic and intergenic regions suggest
that local genomic context modulates methylation patterns but does not dominate them. Thus, genomic
location serves as a complementary source of information that refines predictions based on sequence and reg-
ulatory features.

5.11.5 Evidence of Nonlinear Epigenetic Relationships

Both SHAP dependence plots and partial dependence analyses revealed pronounced nonlinear effects, threshold
behavior, and saturation phenomena. In particular, CpG density showed a critical transition region beyond
which the probability of methylation increased sharply. Furthermore, ICE trajectories showed considerable
heterogeneity among individual genomic loci, indicating that methylation dynamics are influenced by complex
interactions and site specific mechanisms.

These observations emphasize that DNA methylation cannot be adequately explained by simple linear
relationships. Instead, epigenetic regulation arises from the interplay among sequence composition, regulatory
activity, evolutionary constraints, and genomic context, producing highly nonlinear and heterogeneous
patterns.

5.11.6 Reliability of Explainability Results

The bootstrap confidence intervals, strong correlations between SHAP and LIME explanations, and stability
analyses across cross validation folds and random seeds collectively demonstrate that the observed feature
contributions are highly reproducible. The consistency of feature rankings across different experimental
settings indicates that the explainability results are robust and unlikely to be artefacts of sampling variability
or model initialisation.
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Such robustness strengthens confidence in the biological relevance of the identified predictors and supports
the model’s reliability for downstream interpretation.

5.11.7 Implications for Epigenetic Biomarker Discovery

The explainability framework employed in this study has important implications for biomarker discovery and
precision medicine. By identifying CpG density, regulatory activity, and evolutionary conservation as key
determinants of methylation status, the analysis highlights genomic characteristics that may serve as candidate
epigenetic biomarkers.

Moreover, integrating global and local interpretability methods enables identification of both population-
level trends and locus specific mechanisms. This capability is particularly valuable for understanding disease-
associated methylation patterns, characterizing regulatory networks, and improving the interpretability of
predictive models used in clinical and genomic applications.

Overall, the results demonstrate that explainable machine learning can provide biologically interpretable
insights into DNA methylation processes while maintaining predictive accuracy. The combination of SHAP,
LIME, PDP, ICE, and robustness analyses establishes a comprehensive framework for investigating the complex
determinants of epigenetic regulation and facilitates the discovery of reliable methylation biomarkers for
future translational and biomedical studies.

6. Conclusion

This study developed and validated an explainable machine learning framework for predicting DNA methylation
status from genomic and regulatory features. Unlike conventional black box approaches, the proposed
framework integrates global and local interpretability techniques to provide transparent, biologically mean-
ingful explanations of model decisions.

Summary of Findings

The analyses consistently identified CpG density as the most influential determinant of methylation status
across all explainability methods (SHAP mean absolute importance = 0.36), followed by regulatory score
(0.24), conservation score (0.13), and genomic location (0.05). SHAP dependence plots and Partial Dependence
Profiles revealed pronounced nonlinear relationships, including threshold effects for CpG density regions
with density below 0.3 suppressed methylation probability, whereas values above 0.7 produced strong positive
contributions. Regulatory score exhibited a monotonic positive relationship, and conservation score
demonstrated that evolutionarily conserved regions are preferentially methylated. Local explanations using
SHAP waterfall plots and LIME successfully decomposed individual predictions, showing, for example, that a
high-confidence methylation call (P = 0.92) resulted from additive contributions of CpG density (+0.36),
regulatory score (+0.24), and conservation score (+0.13), partially offset by genomic location (-0.05).

Methodological Contributions

The integration of multiple interpretability frameworks SHAP, LIME, PDP, and ICE into a single analytical
pipeline offers a comprehensive approach to explaining epigenetic models. The inclusion of robustness analyses
(bootstrap confidence intervals, five fold cross validation, and SHAP-LIME correlation) addresses a common
limitation in explainable AI studies, namely the lack of stability assessment. Strong agreement between SHAP
and LIME (Pearson r = 0.97) and low coefficients of variation across cross-validation folds (<10% for the top
three features) confirm that the reported feature contributions are reproducible and not artifacts of sampling
variability or model initialization.

Biological Implications

The identified predictors align with established epigenetic principles. The dominance of CpG density reflects
the fundamental role of CpG islands in transcriptional regulation and promoter methylation. Regulatory score
captures the interaction between methylation and chromatin accessibility, whereas conservation score
indicates that functional constraints preserve methylation patterns at evolutionarily important loci. The
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comparatively weaker but still meaningful contribution of genomic location with promoters showing positive
effects and intergenic regions negative effects provides contextual refinement. Importantly, the nonlinear
patterns detected by PDP and ICE plots suggest that DNA methylation arises from complex, interactive mecha-
nisms rather than simple additive effects, reinforcing the value of flexible ML models over linear statistical
approaches.

Limitations

Several limitations should be acknowledged. First, the dataset comprises only four predictor variables; real-
world methylation prediction often involves thousands of CpG sites and multi-omic features (e.g., histone
modifications, transcription factor binding). Second, the model architecture was not extensively optimized,
and no comparison was made against baseline methods such as logistic regression or random forests. Third,
the dataset’s origin (Kaggle) and potential class imbalance were not fully characterized. Fourth, while the
explainability results are biologically plausible, they remain computational predictions requiring experimental
validation.

Several limitations should be acknowledged. First, the dataset comprises only four predictor variables; real-
world methylation prediction often involves thousands of CpG sites and multi-omic features (e.g., histone
modifications, transcription factor binding). Second, the model architecture was not extensively optimized,
and no comparison was made against baseline methods such as logistic regression or random forests. Third,
the dataset’s origin (Kaggle) and potential class imbalance were not fully characterized. Fourth, while the
explainability results are biologically plausible, they remain computational predictions requiring experimental
validation.

Future Directions

Future research should extend this framework in several directions: (1) integration of high dimensional CpG-
level data with deep learning architectures such as convolutional neural networks; (2) incorporation of multi-
omic features (chromatin accessibility, RNA-seq, histone ChIP-seq) to capture regulatory complexity; (3)
application to disease specific datasets (e.g., The Cancer Genome Atlas) to identify clinically actionable epige-
netic biomarkers; (4) prospective experimental validation of top ranked CpG sites using bisulfite sequencing
or methylation arrays; and (5) development of interactive visualization tools to make explainability outputs
accessible to clinical researchers.

Concluding Statement

Explainable machine learning bridges the gap between predictive performance and biological understanding
in DNA methylation analysis. By identifying CpG density, regulatory activity, and evolutionary conservation
as key determinants and by revealing nonlinear threshold effects and heterogeneous responses across genomic
loci, this framework demonstrates that interpretability need not sacrifice predictive capability. As epigenetic
datasets continue to grow in scale and complexity, transparent, robust, and biologically grounded analytical
approaches will be essential for translating computational predictions into mechanistic insights and clinical
applications. The framework presented here provides a reproducible template for such efforts.
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