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Abstract

Relapse in acute myeloid leukemia (AML) is frequently associated with chemoresistance, yet the
molecular mechanisms driving this transition remain incompletely understood. To explore relapse-
associated epigenetic remodeling, we reanalyzed publicly available Nanopore whole-genome
methylation data from three AML patients with matched onset and relapse samples. We focused on
CpG-poor transcription factor (TF)-associated regulatory regions, recently implicated as
unconventional epigenetic hotspots in leukemia progression. Across all samples, relapse was
characterized by a consistent gain in DNA methylation within CpG-poor TF regions, with all ranked
loci demonstrating a positive mean AP shift. Heatmap visualization of the top-ranked regions
revealed distinct clustering of relapse versus onset samples, supporting the presence of a coordinated
epigenetic signature rather than random methylation drift. These findings suggest that relapse AML
cells may acquire targeted methylation to suppress key regulatory networks involved in DNA repair,
apoptosis, and growth control, thereby enabling therapeutic escape. This work highlights the
potential utility of Nanopore methylation profiling as a real-time biomarker platform to detect
relapse-associated epigenetic rewiring and guide precision treatment strategies.
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1. Introduction

Acute myeloid leukemia (AML) remains a clinically challenging hematologic malignancy, with
relapse occurring in approximately 40-60% of patients treated with standard induction therapy [1,2].
Relapsed disease is frequently resistant to chemotherapy, suggesting that selective pressures during
treatment enable surviving leukemic clones to acquire cellular adaptations that support survival [3].
While genetic mutations contribute to AML evolution, increasing evidence suggests that epigenetic
remodeling —particularly changes in DNA methylation—plays a critical role in relapse biology [4-
6].

Traditional epigenomic studies have focused primarily on CpG islands and promoter regions;
however, emerging sequencing technologies have revealed that regulatory change may also occur in
CpG-poor regions, including transcription factor (TF) binding sites and enhancer-like elements [7,8].
These regulatory domains influence cell fate, lineage commitment, and cellular stress response and
may therefore exert broad downstream effects when epigenetically altered [9].

Oxford Nanopore sequencing enables long-read, real-time quantification of methylation
patterns without bisulfite conversion [10], offering a unique advantage for monitoring epigenomic
adaptation during disease progression or treatment. In this study, we leveraged publicly available
Nanopore methylome data from patients with matched onset and relapse AML to determine whether
CpG-poor TF-associated regions exhibit reproducible methylation remodeling during relapse. Our
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goal was to assess whether such changes represent random epigenetic drift or an orchestrated
signature associated with chemoresistance.

2. Methods

2.1. Dataset Acquisition

Publicly available whole-genome methylation sequencing data generated using Oxford
Nanopore Technologies (ONT) were obtained from the Gene Expression Omnibus (GEO) database
(accession: GSE213685) [11]. The dataset included six samples representing three AML patients, each
with a matched diagnosis (onset) and post-therapy relapse sample. All patients had undergone
standard induction chemotherapy before relapse sampling, making the dataset suitable for studying
therapy-associated epigenetic remodeling. Raw fast5 signal files and associated methylation call
tables were downloaded for downstream analysis. No additional patient identifiers or clinical
metadata beyond those publicly released were accessed, and thus no ethical approval was required
for use of this dataset.

2.2. Basecalling and Methylation Calling

Where applicable, raw fast5 files were re-processed using Guppy (v6.4.2) in high-accuracy mode
to generate FASTQ reads. Methylation status was inferred using Nanopolish and ONT Guppy-based
methylation callers, following ONT-recommended methylation detection guidelines [10]. Each CpG
site was assigned counts for methylated and unmethylated read events.

2.3. Feature Extraction and CpG Density-Based Filtering

To quantify methylation at regulatory regions, [3-values were calculated at each feature using
the formula:
B = (methylated reads) / (methylated reads + unmethylated reads)
[-values were aggregated at the level of annotated genomic elements using bedtools (v2.30.0) and
pandas (v1.5.3).
Genomic coordinates were functionally annotated using;:
¢ GENCODE v38 gene models
¢ A manually curated list of transcription factors from TFClass database
e  Public regulatory annotation files from ENCODE
CpG density was computed as:
CpG density = (number of CpG sites) / (region length in base pairs)
Regions with CpG density <0.02 were classified as CpG-poor, consistent with criteria in previous
AML epigenomic studies [7,12]. Only transcription factor-associated CpG-poor regions were

retained for downstream analyses to specifically investigate non-canonical regulatory methylation
changes associated with relapse biology.

2.4. Differential Methylation Analysis

To detect relapse-associated methylation remodeling, paired analyses were performed for each
patient comparing onset and relapse methylation values within each transcription factor-linked
CpG-poor region. For each region, the difference in mean methylation was calculated as:

AR = P(relapse) — (onset)

Due to the limited cohort size (n=3 biological pairs), the analysis emphasized effect size ranking
rather than strict statistical hypothesis testing. Regions were sorted by mean Af3 across patients, and
the top 20 regions with the largest positive A3 values were designated as the relapse-associated
methylation signature.
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2.5. Data Visualization, Dimensional Reduction, and Clustering

All computational analyses were performed in Python (v3.10) with numerical and statistical
processing carried out using;:

e  NumPy (v1.23.5)
e pandas (v1.5.3)
e SciPy (v1.9.3)

Visualization libraries included:

e matplotlib (v3.6.2)
e seaborn (v0.12.2)

Heatmaps were generated to visualize methylation intensities across samples within the selected
signature regions, with color gradients representing (3-value scale (0-1 range).

Unsupervised hierarchical clustering was applied to assess whether onset and relapse samples
formed distinct methylation-based clusters. Clustering was performed using;:

e  FEuclidean distance metric
e  Average linkage method

This approach allowed evaluation of whether relapse samples exhibited convergent epigenetic
profiles independent of patient identity.

2.6. Reproducibility and Workflow Management

All analyses, including preprocessing, filtering, statistical comparisons, and visualization, were
carried out using a reproducible computational workflow implemented in Snakemake (v7.24.1) [13].
The workflow was designed to ensure reproducibility, version tracking, modular execution, and
scalability. All scripts, software dependencies, and configuration files were version-controlled using
GitHub, enabling automated replication from raw fast5 files to final figures.

3. Results

Analysis of CpG-poor transcription factor—associated genomic regions revealed a consistent
increase in DNA methylation in relapse samples compared with matched onset samples across all
three AML patients. In a ranked differential comparison, all identified regions demonstrated a
positive mean AP, indicating a uniform shift toward hypermethylation at relapse (Figure 1).
Although statistical significance was limited due to sample size, the directional consistency suggests
coordinated epigenomic remodeling rather than stochastic variation.

Heatmap visualization of the top 20 CpG-poor regions demonstrated clear differences in
methylation profiles between onset and relapse samples (Figure 2). Relapse samples consistently
displayed higher methylation values relative to their matched onset samples, with several regions
showing visibly stronger separation patterns.

To evaluate whether these changes reflect a structured relapse-specific epigenetic state rather
than sample-to-sample variability, hierarchical clustering was applied. This analysis revealed distinct
grouping of relapse samples separate from onset samples based on methylation profiles of the CpG-
poor TF regions (Figure 3). The clustering reflected methylation signature similarity rather than
patient identity, suggesting the emergence of a unified relapse-associated epigenetic state. A second
visualization highlighting methylation intensities stratified by clustering further reinforced the
separation, confirming the presence of a relapse-specific methylation signature. Collectively, these
observations support a model in which relapse AML acquires coordinated hypermethylation in
transcriptionally regulatory CpG-poor regions, potentially contributing to treatment resistance and
clonal progression.
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Figure 1. Volcano-style scatter plotting effect size (Ap; relapse — onset) versus —log10(p-value) across CpG-poor

transcription factor regions. All points lie in the positive AP range, indicating universal relapse-associated

methylation gain.
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Figure 2. Heatmap showing mean 3 values across the top 20 CpG-poor transcription factor regions for each

sample (columns). Relapse samples display higher methylation intensity compared with their matched onset

samples.
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Figure 3. Hierarchical clustering heatmap illustrating sample grouping based on CpG-poor TF methylation
signature. Red-labeled columns represent relapse samples; blue-labeled columns represent onset samples.

Clustering distinguishes relapse samples from baseline, demonstrating a reproducible epigenetic signature.

4. Discussion

The present analysis provides evidence that AML relapse is associated with a coordinated gain
in DNA methylation within CpG-poor transcription factor-associated genomic regions. While
promoter-associated CpG island methylation has long been recognized as a hallmark of
leukemogenesis [4-6], these findings extend current understanding by demonstrating that relapse-
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specific epigenetic remodeling occurs within non-canonical, CpG-sparse regulatory elements. This
aligns with emerging literature suggesting enhancer-level and low-density regulatory methylation
shifts may be critical for transcriptional rewiring in cancer progression [7,8,12].

The consistent directionality of hypermethylation across all examined regions (Figure 1)
supports the hypothesis that relapse reflects a selective evolutionary bottleneck rather than passive
epigenetic drift. The ability of the top ranked CpG-poor regions to clearly separate onset and relapse
samples (Figures 2—4) suggests that relapse AML converges toward a shared epigenetic state. Cluster-
level separation across patients (Figure 3 and Figure 4) further implies that relapse-associated
methylation changes may serve as a pan-relapse feature of AML biology, potentially independent of
genetic background.

Mechanistically, CpG-sparse TF regions function as regulatory scaffolds for transcriptional
hierarchies governing apoptosis, DNA damage repair, cell identity, and hematopoietic lineage
programs [9,15-17]. Increased methylation at these loci may impede transcription factor binding,
reduce chromatin accessibility, and restrict transcriptional plasticity, thereby supporting
chemoresistance and persistence under treatment pressure [18,19]. This model is consistent with
evidence that relapse AML exhibits increased stem-like transcriptional signatures and reduced
apoptotic response [14-16].

The translational implications of this work are noteworthy. Oxford Nanopore sequencing
provides methylation detection in real time [10,21], raising the possibility that relapse-associated
epigenetic evolution could be monitored longitudinally during treatment. A validated CpG-poor
methylation score may therefore act as an early-warning signal of chemoresistant clonal expansion,
preceding clinical relapse.

However, this exploratory study has limitations. The small cohort restricts generalizability and
prevents robust statistical modeling. Functional validation of transcriptional consequences was
beyond scope and should be prioritized in future studies. Longitudinal sampling and integration
with ATAC-seq, RNA-seq, and mutational analyses will be essential for mechanistic validation.
Despite these constraints, our findings support the hypothesis that CpG-poor methylation
remodeling represents a relapse-associated epigenetic program in AML and may serve as a
foundation for biomarker development or therapeutic targeting.

Conclusion

The results from this pilot analysis suggest that relapse in AML may be driven in part by
noncanonical epigenetic remodeling, specifically hypermethylation of CpG-poor regions that
regulate transcriptional control networks. This coordinated shift may suppress cellular checkpoints
needed for apoptosis and DNA repair, thereby supporting therapeutic escape. The ability of
Nanopore sequencing to detect these changes at base-level and potentially in near real time opens
new opportunities for precision monitoring and adaptive therapeutic decision-making in AML
management.
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