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Abstract 53 

Biomedical applications of DNA methylation rely on accurate next-generation 54 

sequencing (NGS)-based DNA methylation profiling. However, routine quality metrics 55 

and limited reference coverage leave it unclear whether NGS assays provide the reliable 56 

measurements required for robust downstream inferences. Here we benchmarked 12 57 

real-world NGS assays across four methods, alongside five microarray and nanopore 58 

assays as external benchmarks. First, we assessed quantitative performance across three 59 

dimensions, including absolute methylation accuracy, biological order preservation, 60 

and the magnitude of relative methylation differences. Second, we examined the 61 

robustness of methods across varying GC content, methylation level, mappability, and 62 

characteristics of tumor genome. As a result, methods showed distinct profiles across 63 

quantitative dimensions, and conventional quality metrics standard metrics cannot 64 

capture quantitative errors. Specifically, non-targeted NGS assays were dominated by 65 

sequencing depth-dependent binomial sampling noise. To address this, we developed  66 

MethRidgeQC, a reference-free quality control tool that can classify CpG 67 

measurements into four reliability classes. Retaining high-reliability classes reduced 68 

RMSE by 51–74% compared with low-reliability measurements, outperforming depth-69 

based filtering by up to 47% while preserving 54–79% of CpGs for downstream 70 

analyses. Our study provides guidance on method selection, and actionable, reference-71 

free quality control for various non-targeted NGS-based methods. 72 

Keywords 73 

DNA methylation, epigenetics, sequencing, quality control, standardization74 
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Introduction 75 

DNA methylation is a central quantitative layer in epigenomic regulation [1], cellular 76 

state [2], development [3], environmental response [4], aging [5], and cancer [6]. 77 

Biological interpretation and translational use of methylation data increasingly depend 78 

on high-resolution, genome-wide profiling, because regional signatures, differential-79 

methylation calls, biomarker scores, and cross-platform analyses are built from 80 

methylation estimates at individual cytosines [7–9]. Next-generation sequencing 81 

(NGS)-based methods that provide single-base readouts across large parts of the 82 

genome have therefore become a foundation for DNA methylation datasets and cohorts 83 

[10, 11]. The numerical accuracy and reproducibility of reported methylation levels 84 

increasingly determine whether datasets can support cross-study biological insights [12, 85 

13], as these applications place different demands on quantitative accuracy. 86 

Comparison of absolute methylation levels requires accurate numerical estimates, cell 87 

clustering requires preservation of biological ordering, and differential methylation 88 

analysis requires faithful estimates of the effect size of the difference. Benchmarking 89 

therefore needs to define the contexts in which an NGS assay is quantitatively reliable 90 

for downstream analyses. Therefore, the quantitative accuracy of NGS assays should 91 

be evaluated across the scenarios and genomic contexts in which the assays are used. 92 

However, prior benchmarking studies mainly used data quality and concordance 93 

metrics, including mapping efficiency, coverage, conversion efficiency, cross-method 94 

concordance, and quantitative reproducibility [14–21], as proxies for direct accuracy, 95 

assuming without direct proof that high quality or reproducibility implies low 96 
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quantitative error. These metrics characterize technical properties of NGS assays, but 97 

do not establish whether an assay recovers methylation signals with enough fidelity. 98 

The BLUEPRINT consortium addressed this issue using a truth set containing 16,435 99 

selected loci, which has been used to assess quantitative deviation across various 100 

methods and computational workflows [21, 22]. Yet, these selected sparse loci do not 101 

capture the full distribution of sequence composition, methylation states, mappability, 102 

and tumor-genome structures encountered by genome-wide methylation sequencing. 103 

Genome-wide benchmarking matters since methylation measurements are shaped by 104 

interactions between assay procedures and genomic context. Library preparation and 105 

conversion protocols can alter fragment recovery, duplication, CpG recovery, and 106 

coverage uniformity. For instance, bisulfite-associated DNA degradation introduces 107 

sequence-context bias, whereas bisulfite-free methods show reduced coverage bias in 108 

GC-rich regions [14–16, 18]. In parallel, alignment and downstream bioinformatic 109 

processing influence the cytosine recovery and methylation estimates, particularly in 110 

repetitive, low-mappability, and other complex contexts [19–21]. For tumor-normal 111 

comparisons, the extent to which copy number variations (CNV) and structural 112 

complexity introduce additional quantitative difficulties also requires direct assessment. 113 

To this end, a genome-wide benchmark needs to locate these context-dependent errors 114 

and assess the robustness of NGS methylation assays. 115 

Here we benchmark 12 real-world NGS assays across four methods in terms of absolute 116 

methylation accuracy, biological order preservation, and magnitude of relative 117 

methylation differences, using genome-wide single-base references, a titrated mixture 118 
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series, and five microarray and nanopore assays as external benchmarks. We further 119 

profile quantitative error across GC content, methylation level, mappability, and tumor-120 

genome characteristics to identify dominant sources. Observing that non-targeted 121 

assays share a common, depth-dependent error structure, we develop a reference-free 122 

approach for annotate the reliability of CpG measurements and filter them based on 123 

assigned classes. Together, these analyses provide guidance for method selection and 124 

accuracy-aware quality control of NGS methylation data.  125 

 126 

Methods 127 

Assay cohorts 128 

This study employed a real-world multi-center strategy. A primary NGS cohort was 129 

constructed to capture the current diversity of NGS methylation sequencing in routine 130 

practice, including conversion chemistries, real-world experimental protocols, and 131 

heterogeneous versus harmonized multi-center implementations. This cohort included 132 

12 NGS-based methylation sequencing assays from 12 sequencing centers using their 133 

routine protocols, grouped by base-conversion principle as four whole-genome bisulfite 134 

sequencing (WGBS) assays, four enzymatic methyl sequencing (EM-seq) assays, one 135 

reduced representation bisulfite sequencing (RRBS) assay, and three ten-eleven 136 

translocation (TET)-assisted pyridine borane sequencing (TAPS) assays. These 137 

abbreviations denote conversion chemistry groups, not commercial kits or vendor-138 

specific implementations. WGBS, RRBS, and EM-seq employ a reverse conversion 139 

strategy in which unmethylated cytosines are converted, while TAPS uses a direct 140 
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conversion strategy, in which methylated cytosines are converted. In addition, three 141 

Illumina EPICv2 microarray assays, one Oxford Nanopore-based reduced 142 

representation methylation sequencing (RRMS) assay, and one approximately 30× 143 

Oxford Nanopore whole-genome sequencing (NP-WGS) dataset were used as external 144 

benchmarks to contextualize NGS performance limits, rather than for direct head-to-145 

head ranking. 146 

Reference Materials 147 

The sample panel included 11 genomic DNA (gDNA) samples: HF, D5, D6, F7, M8, 148 

T1, T2, T3, T4, BC, and BL. The HF sample was the 1:1 mixture of the completely 149 

unmethylated and fully methylated DNA standards (Zymo Research, D5301) derived 150 

from the HCT116 cell line (ATCC CCL-247). D5, D6, F7, and M8 were Quartet gDNA 151 

reference materials produced from Epstein-Barr virus-immortalized B-lymphoblastoid 152 

cell lines by Fudan University and the National Institute of Metrology, China, with 153 

certified reference material codes GBW09900 to GBW09903 [23]. T1–T4 were 154 

prepared by mixing D5 and D6 gDNA at 4:1, 3:2, 2:3, and 1:4, respectively. BC and 155 

BL were prepared from HCC1395 (ATCC CRL-2324) and HCC1395BL (ATCC CRL-156 

2325). Base conversion assays received 0.2% lambda DNA and 0.01% pUC19 DNA 157 

spike-ins for all samples except HF. The reference truth was annotated with Genome-158 

in-a-Bottle (GIAB) stratification resource and BisMap/UMap mappability. 159 

Whole genome bisulfite sequencing 160 

WGBS was performed across four centers (assays BS1–BS4) using varied 161 

methodologies, with substantial heterogeneity in fragmentation methods, bisulfite-162 
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conversion conditions, library-construction timing, and sequencing platforms. 163 

Fragmentation was achieved via ultrasonication in BS1–BS3, whereas BS4 utilized 164 

enzymatic tagmentation integrated into the library preparation kit. Regarding bisulfite 165 

conversion, BS1 and BS2 employed high-temperature bisulfite conversion (≥ 150 min 166 

at ≥ 64°C) using Zymo EZ DNA Methylation-Gold Kit (CAT: D5006 and D5005, 167 

respectively), while BS3 and BS4 utilized rapid low-temperature conversion (60 min at 168 

54°C) with Zymo kits (Zymo Research Inc; CAT: D5031 and D5465). Regarding 169 

library construction, BS1 adopted a pre-conversion strategy using the MGIEasy Whole 170 

Genome Methylation Sequencing Library Prep Kit (CAT: 940-001527-00), whereas 171 

BS2–BS4 employed post-conversion strategies using a self-developed kit, the IDT 172 

Accel-NGS Methyl-seq DNA Library Kit (CAT: 1009824), and the Zymo-Seq WGBS 173 

Library Kit (CAT: D5465), respectively. The number of PCR amplification cycles 174 

varied by center, with BS1, BS2, BS3, and BS4 employing 13, 10, 4, and 6 cycles, 175 

respectively. Sequencing was performed on different platforms. BS1 used MGI 176 

DNBSEQ-G400RS (PE150), while BS2 and BS3 used the Illumina NovaSeq 6000 177 

(PE150), and BS4 used the Illumina NovaSeq X (PE150). 178 

Enzymatic methylation sequencing 179 

Four EM-seq assays from four sequencing centers were labeled EM1–EM4. Assays 180 

EM1 and EM4 employed the Vazyme EpiArt DNA Enzymatic Methylation Kit (CAT: 181 

EM301-01, 330 min at 37°C) for enzymatic conversion but differed in downstream 182 

processing. EM1 utilized the Vazyme EpiArt DNA Methylation Library Kit for Illumina 183 

V3 with a post-conversion strategy, followed by 10 PCR cycles and sequencing on an 184 
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Illumina NovaSeq 6000. In contrast, EM4 adopted a similar post-conversion strategy 185 

with the Vazyme kit but reduced PCR amplification to 7 cycles and chose the MGI 186 

DNBSEQ-T7 platform. 187 

Assays EM2 and EM3 utilized the NEBNext Enzymatic Methyl-seq Conversion 188 

Module (CAT: E7125, 37°C) coupled with the MGI 940-001527-00 kit on the 189 

DNBSEQ-T7 platform. These two assays primarily diverged in their library 190 

construction timing and reaction duration: EM2 adopted a pre-conversion strategy with 191 

a 280-min incubation, whereas EM3 employed a post-conversion strategy with a shorter 192 

180-min incubation. Both EM2 and EM3 libraries were amplified for 10 PCR cycles. 193 

Across all EM-seq assays, sequencing was performed to generate 150 bp paired-end 194 

reads. 195 

Reduced representation bisulfite sequencing  196 

For the only RRBS assay (RR1), gDNA was fragmented using enzymatic digestion. 197 

Libraries were constructed using a self-developed kit employing a pre-conversion 198 

strategy, followed by bisulfite conversion with the QIAGEN EpiTect Fast DNA 199 

Bisulfite Kit (CAT: 59802, 60 min at 60°C). Following magnetic bead purification, 200 

libraries were amplified for 14 PCR cycles and sequenced on the MGI DNBSEQ-T7 201 

platform to generate 100 bp paired-end reads. 202 

TET-assisted pyridine borane sequencing 203 

TAPS was performed across three sequencing centers (PS1–PS3) using a standardized 204 

workflow. The gDNA was fragmented by ultrasonication. Enzymatic oxidation and 205 

subsequent chemical reduction were carried out using the GenePlus TET (mTET2) kit 206 
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at 37°C for 80 min. Post-conversion libraries were constructed using the Hieff NGS 207 

Ultima Pro DNA Library Prep Kit (CAT: 12197ES), followed by magnetic bead 208 

purification and amplification with 9 PCR cycles. All libraries were sequenced on the 209 

MGI DNBSEQ-T7 platform to generate 150 bp paired-end reads. 210 

Illumina Infinium MethylationEPIC v2.0 211 

Three centers (labeled MA1–MA3) used the Infinium MethylationEPIC v2.0 BeadChip 212 

(935K microarray), adhering uniformly to the manufacturer's official assay (Illumina, 213 

Inc.). In brief, genomic DNA was quantified via fluorescence and subjected to bisulfite 214 

conversion using the Zymo EZ-96 DNA Methylation-Lightning MagPrep Kit (CAT: 215 

D5001, 12 hr at 50°C). Converted DNA was whole-genome amplified, fragmented, and 216 

hybridized to the EPIC v2.0 BeadChips using the Infinium MethylationEPIC v2.0 Kit. 217 

The libraries were analyzed on the Illumina NextSeq 550/550Dx system using the 218 

Infinium HD Assay workflow. Data were generated with consistent scanning 219 

parameters across all sites to support comparability of methylation beta-values among 220 

the three cohorts. 221 

Reduced representation methylation sequencing 222 

RRMS (RM1) was performed using Oxford Nanopore Technologies to enable native 223 

DNA methylation detection without chemical or enzymatic conversion. The gDNA was 224 

quantified via fluorescence and fragmented enzymatically. Libraries were prepared 225 

using the Oxford Nanopore Native Barcoding Kit 96V14 (CAT: SQK-NBD114.96) 226 

following a PCR-free workflow. Sequencing was conducted on the Oxford Nanopore 227 

PromethION P2 platform. Adaptive sampling was performed with the default 228 
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configuration 229 

(https://community.nanoporetech.com/adaptive_sampling_catalogue/beds/7). 230 

Methylation calls were derived directly from raw signal deviations compared to 231 

unmodified controls using standard nanopore base calling pipelines. 232 

Oxford Nanopore whole genome sequencing 233 

To extend the reference beyond NGS-accessible regions, we used 10 μg DNA from 234 

each of the 11 samples (HF, D5, D6, F7, M8, T1–T4, BC, BL) for ~30× whole-genome 235 

sequencing on Oxford Nanopore PromethION (Novogene Inc., Beijing) with the 236 

R10.4.1 kit, following the manufacturer’s protocol. 237 

Sample preparation 238 

For the evaluated assays, comprising four WGBS (BS1–BS4), four EM-seq (EM1–239 

EM4), one RRBS (RR1), and three TAPS (PS1–PS3) assays, we prepared a 22-sample 240 

panel containing duplicates of all 11 samples (HF, D5, D6, F7, M8, T1, T2, T3, T4, BC, 241 

BL). To ensure unbiased processing, centers were blinded to both the source of and 242 

relationships between all anonymized gDNA samples. 243 

All aliquots distributed to the centers originated from the same master pool to minimize 244 

batch effects. To accommodate the specific sequencing requirements of each center, we 245 

prepared distinct samples accordingly. Specifically, for WGBS, EM-seq, RRBS, TAPS, 246 

and EPICv2 assays, each sample was aliquoted at 1 μg and stored in 2 mL cryovials. 247 

For non-targeted assays involving a base-conversion step, all samples except HF were 248 

spiked with 0.2% lambda DNA and 0.01% pUC19 DNA as internal controls. For the 249 

RRMS center, each sample was aliquoted at 10 μg without lambda or pUC19 DNA. 250 
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The concentrations of the Quartet reference materials (D5, D6, F7, M8, T1, T2, T3, T4) 251 

were 220 ng/μL, while BC and BL were at 110 ng/μL, and HF was at 250 ng/μL. All 252 

samples were stored at -80℃. 253 

Bioinformatic processing 254 

NGS data were processed with two comparable chemistry-specific standardized 255 

pipelines. Reverse-conversion (WGBS/EM-seq/RRBS) data were trimmed using Trim 256 

Galore v0.6.10 (https://www.bioinformatics.babraham.ac.uk/projects/trim_galore/), 257 

aligned to GRCh38.p14 with bwa-meth v0.2.7 [24], deduplicated using GATK v4.6.2.0 258 

[25], and quantified by MethylDackel v0.6.1 259 

(https://github.com/dpryan79/MethylDackel). For RRBS data, the deduplication step 260 

was omitted following established recommendations. For TAPS, the corresponding 261 

tools were fastp v0.24.1 [26], BWA-MEME v1.0.6 [27], GATK v4.6.2.0 [25], and 262 

asTair v3.3.3 [28]. 263 

For EPICv2 data, the raw microarray files were processed with ChAMP v2.26.0 [29] 264 

and minfi v1.36.0 [30]. For Oxford Nanopore data, we converted the fast5 files to pod5 265 

format by pod5-tools v0.3.27. Base calling and alignment were conducted with Dorado 266 

v1.0.1 (https://github.com/nanoporetech/dorado) and the 267 

dna_r10.4.1_e8.2_400bps_hac@v5.2.0_5mC_5hmC@v1 model. Reads with mean 268 

base quality below Q7 were removed. The methylation levels of cytosines were called 269 

by Modkit v0.5.0 (https://github.com/nanoporetech/modkit). The ploidy of BC sample 270 

was calculated from NP-WGS data with Clair3 v2.0.1 [31] and SAVANA v1.3.7 [32]. 271 
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Performance metrics 272 

To mitigate the confounding effect of sequencing depth, all metrics for sequencing-273 

based assays were calculated using cytosines with ≥10× depth, unless otherwise 274 

specified. 275 

Quantitative accuracy and technical reproducibility were assessed using root mean 276 

squared error (RMSE) and Spearman’s rank correlation (Spearman’s rho; polar-rs 277 

v1.14.0) [33], respectively. For each library, RMSE was calculated over cytosines 278 

present in both the bioinformatic pipeline output and the truth set: 279 

RMSE = √1� ∑(M�	
���	
,� − M����ℎ,�)2�
�=1 (1) 280 

where Mreported,i and Mtruth,i are the methylation levels of the i-th cytosine in the pipeline 281 

output and reference dataset, respectively. 282 

Binomial-standardized root mean squared error (bRMSE) was used to quantify 283 

methylation level-dependent error excess after accounting for binomial sampling 284 

variance and was calculated for sequencing-based assays at reported cytosines with 285 

methylation levels of 10%–90%: 286 

bRMSE = √1� ∑( M�	
���	
,� − M����ℎ,�√�truth,�(100 − �truth,�)/"�)2�
�=1 (2) 287 

At each cytosine, the difference between the reported and reference methylation levels 288 

was divided by the expected binomial standard deviation. This standard deviation was 289 

computed from reference methylation and read depth. The resulting standardized 290 
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differences were squared and averaged across cytosines, and bRMSE was the square 291 

root of that mean. Because binomial read sampling alone gives an expected squared 292 

standardized difference of 1, a bRMSE value of 1 is the stochastic reference point. 293 

Values greater than 1 indicate excess variation beyond that expectation, whereas values 294 

less than 1 indicate variation below the nominal binomial expectation. 295 

The preservation of expected methylation ranks across the titration series (D5, T1–T4, 296 

and D6) was evaluated using Kendall’s rank correlation (Kendall’s tau). For each assay, 297 

technical replicates of D5, T1, T2, T3, T4, and D6 were first averaged at shared 298 

cytosines. Cytosines were retained only when all six samples had reported methylation 299 

levels and the absolute D5-D6 methylation difference met the prespecified threshold 300 

(≥50% or 25%–50%). For each retained cytosine, all 15 pairwise order comparisons 301 

among D5, T1, T2, T3, T4, and D6 were counted: 302 

Kendall's tau = 1� ∑ %�(&� − '�15 )�
�=1 (3) 303 

where Ci and Di are the numbers of concordant and discordant pairwise comparisons 304 

for cytosine i under the decreasing or increasing D5, T1, T2, T3, T4, and D6 reference 305 

order, respectively. Tied comparisons contribute to neither count. The sign term si 306 

equals 1 when MD5,i ≥ MD6,i and -1 when MD5,i < MD6,i. The reported Kendall's 307 

tau is the mean site-level value across retained cytosines, with values closer to 1 308 

indicating stronger preservation of the expected sample ordering. 309 

The pairwise relative ΔMeth was calculated using the normalization method described 310 
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in Downs et al. [34], with a designated baseline sample in place of the original normal 311 

tissue. The “normal” and “tumor” comparison pairs were BL and BC for the BC-BL 312 

contrast, BL and D6 for BL-D6, F7 and M8 for F7-M8, and D5 and D6 for D5-D6. For 313 

each cytosine, the relative ΔMeth was defined as follows: 314 

*+,� = {  
  �+,0,� − �+,1,�100 − �+,1,� , �+,0,� > �+,1,�,�+,1,� − �+,0,��+,1,� , �+,0,� < �+,1,�,0, �+,0,� = �+,1,�,

(4) 315 

where B and T are the baseline and comparison samples, respectively. M is the 316 

methylation level for cytosine i on the 0–100 scale. The relative ΔMeth ranges from 0 317 

to 1, where 0 indicates no change and 1 indicates the maximum possible change from 318 

the baseline in the observed direction. Effect-size error was summarized as the MAE 319 

between the reported and truth-derived relative ΔMeth values across the N evaluated 320 

cytosines: 321 

MAErelative =Meth = 1� ∑|*reported,� − *truth,�|�
�=1 (5) 322 

where lower values indicate more accurate recovery of relative change magnitude and 323 

0 indicates exact agreement in magnitude at all evaluated cytosines. It should be noted 324 

that the MAE reflects the magnitude without assessing the agreement in the direction 325 

of change. 326 

For data-quality metrics, incomplete and excessive conversion were assessed at 327 

reported cytosines with depth ≥10× in spike-in unmethylated lambda phage DNA, 328 

methylated pUC19 vector DNA, and mitochondrial DNA (chrM), which was treated as 329 
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unmethylated. The incomplete conversion and excessive conversion are calculated as 330 

follows: 331 

incomplete conversion = 1� ∑ D���=1 , whereD� = {100 − ��obs, if " = direct��obs − 0, if " = reverse
        (6)    332 

excessive conversion = 1� ∑ H��
�=1 , whereH� = { ��obs − 0, if " = direct100 − ��obs, if " = reverse

            (7) 333 

For the reverse conversion strategy (WGBS, EM-seq, and RRBS), incomplete 334 

conversion was quantified using lambda (except for RR1) and chrM, and excessive 335 

conversion using pUC19. For the direct conversion strategy (TAPS), these controls 336 

were inverted. 337 

Dynamic post-conversion GC content (dGC%) and native GC% were calculated in the 338 

±75 bp window around each cytosine in the reference datasets. For every cytosine: 339 

dGC�(%) = 100 × �O,� + ∑ ��Q�R,SQ=1T� (8) 340 

where i is the reference cytosine, T� is the window size, and �O,� is the number of 341 

guanines in this window. ��Q is the reference methylation level of cytosine j among 342 

the �V,� cytosines in this window. 343 

Generalized linear modeling of methylation-level error profiles 344 

To separate intrinsic binomial sampling variance from protocol-specific bias, we 345 

decomposed relative mean squared error (Relative MSE) using the modeled bRMSE 346 

curves. Let p denote the reference methylation level. Under fixed sequencing depth 347 

assumptions, the theoretical binomial relative MSE baseline is proportional to p(1-p). 348 
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We defined the error components as follows: 349 

(1) Binomial relative MSE: �WXY�Z = [(1 − [);  350 

(2) Protocol excess relative MSE: �WX	\] = [(1 − [) ×  ^_`(âbRMSE
2 − 1, 0); 351 

(3) Total relative MSE: �WX��� = �WXY�Z + �WX	\] 352 

The term ^_`(âbRMSE
2 − 1, 0) effectively censors the excess error at zero, enforcing 353 

that any observed bRMSE ≤1 is attributed entirely to expected binomial sampling. The 354 

fraction �WX	\]/�WX���  was interpreted as the non-binomial excess fraction, 355 

representing the proportion of total relative error attributable to protocol-specific 356 

overdispersion from library preparation biases or bioinformatic artifacts. 357 

To capture this error excess pattern while controlling for sample dependencies, we 358 

constructed the observational dataset directly from paired reference sample matrices 359 

(D5 and D6). The primary advantage of this paired design is that it allows for the direct 360 

comparison of error performance between different sample dilutions or types within 361 

exactly the same genomic background. This enables the local methylation density and 362 

sequence complexity of co-occurring sites to be incorporated into the model as a 363 

structural control term, rather than being treated as independent, uncontrolled noise. 364 

This design reduces the influence of sample-specific methylation-level distributions. 365 

Based on this paired structure, we employed a generalized linear modeling (GLM) 366 

framework (Gaussian family, identity link function) to fit the error profiles. For a given 367 

assay, the expected error c[a�] was modeled as: 368 

c[a�] = �0 + �1[� + �2[�2 + gW� + D1h� + D2h�2 (9) 369 
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where a� is the observed bRMSE value. [� and [�2 are the raw quadratic polynomial 370 

terms for the target methylation bin midpoint, allowing the model to capture non-linear 371 

error penalties across the methylation spectrum. W� is a fixed indicator covariate for 372 

the target sample (D5 or D6), accounting for systematic baseline shifts between two 373 

reference dilutions. h� and h�2 are the raw quadratic polynomial terms for the context 374 

methylation bin midpoint (the paired counterpart in the same matrix row), acting as a 375 

structural control to adjust for the local methylation background. 376 

Selection of k-mer size for mappability 377 

We evaluated BisMap and UMap tracks (for reverse-conversion and other methods, 378 

respectively) using k-mers of 24, 36, 50, and 100. We retained tracks with an adjusted 379 

partial R² > 0.7 that ranked in the top two for both R² and monotonicity (negative 380 

Spearman correlation between mappability-bin midpoints and adjusted RMSE). Final 381 

selection between the top two tracks minimized the mean RMSE contrast between the 382 

0–10 and 90–100 mappability bins across Quartet samples. 383 

Evaluation of alignment tools 384 

For reverse-converted chemistry, the assays with the best quantitative accuracy for 385 

WGBS and EM-seq were selected as representative assays (BS2 and EM3, 386 

respectively). For direct-converted chemistry, PS1 and PS3 were chosen. Two reference 387 

samples with markedly distinct genomic backgrounds were selected: D6 (Han Chinese, 388 

diploid, B-lymphocyte) and BC (Caucasian, aneuploid, breast cancer cell line). For 389 

aligner evaluation, BatMeth2 (commit 107c960) [35], BSMAPz v1.1.3 390 

(https://github.com/zyndagj/bsmapz) [36], Bismark v0.25.1 391 
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(https://github.com/FelixKrueger/Bismark) and bwa-meth v0.2.7 [24] were assessed 392 

for reverse-converted chemistry. For direct-conversion chemistry, Bowtie2 v2.5.4 [37], 393 

BWA-MEME v1.0.6 [27], strobealign v0.17.0 [38], and Whisper v2.0.2 [39] were 394 

assessed for direct-converted chemistry. In addition, BISCUIT v1.7.0 [40], gem3-395 

mapper v3.6.1-27 (https://github.com/smarco/gem3-mapper), and minibwa v0.2-r379 396 

[41] were utilized across data from both reverse- and direct-converted chemistries. 397 

Identification of tumor-specific difficulty 398 

To evaluate the impact of the tumor genome, we used the breast cancer cell line 399 

HCC1395 (BC) and its matched non-tumor counterpart (BL). The BC genome was 400 

stratified into six ploidy groups: loss, diploid-like, 3-copy-like, 4-copy-like, moderate-401 

amplification, and high-amplification. 402 

In the GIAB-stratified root mean square error (RMSE) analysis, we focused on multi-403 

assay NGS methods (WGBS, EM-seq, and TAPS). The RMSE of each assay within a 404 

specific GIAB stratum was normalized by the corresponding sample-level global 405 

RMSE to calculate a stratum-specific penalty. The non-tumor background common 406 

difficulty was defined as the median penalty across five non-tumor samples (BL, D5, 407 

D6, F7, and M8). The BC-specific excess penalty was calculated by subtracting this 408 

background median from the BC penalty. 409 

To identify specific stress regions in the BC sample, we established a high-stringency 410 

RMSE cutoff, defined empirically as the maximum absolute localized BC-BL RMSE 411 

difference observed among primary NGS assays in the ploidy analysis. GIAB strata 412 

were classified based on the following criteria: (1) Strict BC-specific excess: passed the 413 
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BC-specific excess rule (exceeding this empirically derived cutoff in at least two assays 414 

per primary NGS group) but not the background common-difficulty rule, with BC 415 

exhibiting the highest mean penalty; (2) BC-amplified common difficulty: passed both 416 

the BC-specific excess and background common-difficulty rules; (3) Difficulty 417 

inversion: candidates of strict BC-specific excess where assays were more accurate on 418 

non-tumor samples, yet BC showed a positive penalty. Signals present in two or one 419 

primary method groups were labeled as partial NGS recurrent and method-specific, 420 

respectively. 421 

Statistical tests 422 

Spearman correlations and Mantel tests were computed using linkET v0.1.0 [42] to 423 

evaluate monotonic associations among quality metrics, RMSE, and recall. Blocked 424 

comparisons across genomic contexts and ploidy states were performed using Friedman 425 

tests from R v4.4.3 [43], followed by Nemenyi post hoc tests from PMCMRplus 426 

v1.9.12 [44]. The wilcoxon signed-rank test was conducted using SciPy v1.17.1 [45]. 427 

To estimate the impact of assay-specific errors and binomial errors, generalized linear 428 

models (GLMs) were built using R v4.4.3. Statistical significance was set at a two-429 

sided P < 0.05, with Holm correction applied for multiple comparisons within 430 

predefined analysis families. 431 

MethRidgeQC 432 

MethRidgeQC was designed to assess the reliability of individual CpG methylation 433 

measurements in non-targeted NGS libraries. The two strands were assessed separately, 434 

retaining their original methylation values and read counts. For a cytosine with m 435 
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methylated and u unmethylated reads, the observed methylation proportion was p = 436 

m/(m + u). The counting uncertainty was estimated from the Jeffreys posterior, Beta(m 437 

+ 0.5, u + 0.5). Counting risk was defined as the posterior probability that methylation 438 

of this cytosine differed from p by more than 10%. When both strands had ≥1 read 439 

counts, the strand discordance was estimated as the probability that methylation levels 440 

drawn independently from their posteriors differed by more than 0.10. The larger 441 

estimate was used as an internal risk anchor for training. The counting risk was used 442 

solely if there was no available reads on the opposite strand. 443 

The ridge regression model included eight variables: sequencing depth on each strand, 444 

observed methylation levels, width of the 95% posterior interval, posterior standard 445 

deviation, absolute and standardized differences between strands, and an indicator for 446 

unavailable opposite-strand information. Only up to 200,000 CpGs with valid counts 447 

were selected per library to avoid overfitting by reproducible sampling with seed 42. 448 

Missing values were imputed using median values, and variables were standardized 449 

separately within each cross-validation training set. The Ridge regularization parameter 450 

α was selected from 1, 10 and 100, using four-fold cross-validation. CpG cytosines 451 

were grouped by genomic coordinates into fixed, contiguous, non-overlapping 1 Mb 452 

blocks, with all records from each block assigned deterministically to the same fold. 453 

Following the one-standard-error rule, we selected the largest α whose fold-averaged 454 

validation mean squared error (MSE) against the internal risk anchors did not exceed 455 

the minimum mean MSE plus the standard error estimated across folds for the 456 

minimum-MSE candidate. When training records occupied only two or three genomic 457 
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blocks, two- or three-fold cross-validation was used, respectively; when only one block 458 

was available, α was fixed at 100 without cross-validation. The model was then refitted 459 

to the full training set and used to score all eligible measurements. Predicted risks were 460 

restricted to [0, 1], and were divided into four reliability classes: high (H), moderately 461 

high (MH), moderately low (ML), and low (L). Each class required at least 1% of the 462 

training measurements from at least two genomic blocks. Measurements with invalid 463 

or zero-depth counts were left unclassified (U), as were those in libraries with 464 

insufficient training data to define four classes. Class boundaries were determined 465 

separately for each library. 466 

 467 

Results 468 

Study design 469 

We designed the benchmark around a reference panel containing 11 unique genomic 470 

DNA (gDNA) samples and a multi-center assay cohort (Fig.1A). The reference panel 471 

included four diploid samples from a Quartet family (D5, D6, F7, and M8), a controlled 472 

D5-D6 mixture series spanning the two source samples and four intermediate mixtures 473 

(D5, T1-T4, and D6), and a tumor-normal pair consisting of the breast cancer cell line 474 

HCC1395 (BC) and its matched normal cell line HCC1395BL (BL). The reference 475 

panel was organized to evaluate absolute accuracy, relative signal preservation, and 476 

conventional technical performance. The diploid Quartet samples provided genome-477 

wide single-base truth for measuring absolute base-level error by root mean squared 478 

error (RMSE). The D5-D6 mixture series (D5, T1-T4 and D6) created controlled, 479 
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graded methylation differences among adjacent samples, allowing us to test whether 480 

each assay preserved biological ordering relevant to inference. This design 481 

complemented absolute accuracy without requiring separate reference definitions for 482 

the diverse paradigms and bioinformatic tools used in differential methylation analysis. 483 

The BC-BL sample pair was used to measure the ability to detect tumor-normal 484 

methylation differences. Conversion efficiency and other conventional metrics were 485 

calculated using spike-in controls, mitochondrial DNA (chrM), and technical replicates. 486 

The primary NGS cohort was constructed to capture the current diversity of NGS 487 

methylation sequencing in routine practice, including conversion chemistries, real-488 

world experimental protocols, and heterogeneous versus harmonized multi-center 489 

implementations. This cohort included 12 NGS methylation sequencing assays from 12 490 

sequencing centers using their routine protocols (Fig.1A, Table S1), grouped by base-491 

conversion principle as whole-genome bisulfite sequencing (WGBS), enzymatic 492 

methyl sequencing (EM-seq), reduced representation bisulfite sequencing (RRBS), and 493 

ten-eleven translocation (TET)-assisted pyridine borane sequencing (TAPS). These 494 

abbreviations denote conversion chemistry groups, not commercial kits or vendor-495 

specific implementations. WGBS, RRBS, and EM-seq employ a reverse conversion 496 

strategy in which unmethylated cytosines are converted, while TAPS uses a direct 497 

conversion strategy, in which methylated cytosines are converted. To explicitly 498 

decouple wet-lab protocol variations from bioinformatic heterogeneity, all NGS data 499 

were uniformly processed using two conversion strategy-specific yet highly 500 

comparable standardized pipelines. In addition, three Illumina EPICv2 microarray 501 
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assays, one Oxford Nanopore-based reduced representation methylation sequencing 502 

(RRMS) assay, and one approximately 30× Oxford Nanopore whole-genome 503 

sequencing (NP-WGS) dataset were used as external benchmarks to contextualize NGS 504 

performance limits, rather than for direct head-to-head ranking. 505 

In subsequent genomic-context error profiling, we used two paired designs to reduce 506 

confounding. To evaluate methylation-level effects while reducing confounding by 507 

sequence context, we modeled quantitative error using methylation-level and error 508 

differences between the D5-D6 twin samples at the same genomic locations (cytosines), 509 

because the reference truth sets of these twin cell lines share matched genomic 510 

backgrounds. In the tumor-genome analysis, we calculated the excess quantitative error 511 

of the BC sample relative to the matched BL sample. We combined this with the error 512 

excess in regions of interest relative to global error as dual metrics to improve the 513 

specificity and robustness of the analysis. 514 

Quantitative accuracy as the basis of NGS performance across scenarios  515 

To ensure our genome-wide benchmark addresses diverse downstream needs, we 516 

evaluated quantitative performance across three distinct dimensions. First, root mean 517 

squared error (RMSE) measured absolute quantitative accuracy at individual cytosines, 518 

which is the basic input of analyses of differential methylation and genetic imprinting 519 

(Fig. 1B). Based on diploid Quartet samples, the most favorable WGBS, EM-seq, and 520 

TAPS assays converged within a narrow RMSE interval of 7.32–8.38, providing an 521 

approximate empirical performance limit. This interval provided a practical NGS 522 

baseline because it was reached across chemistries, wet-lab protocols, and sequencing 523 
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centers. As external benchmarks with poorer observed performance than NGS, NP-524 

WGS showed an RMSE of 11.26, while EPICv2 and RRMS ranged from 9.01 to 9.79. 525 

The genomic scope of the truth set also affected how faithfully the RMSE estimates 526 

represented genome-wide performance. Based on diploid Quartet samples, we 527 

compared RMSE across three matched truth-set scopes: BLUEPRINT-covered CpGs 528 

(~1.6 × 10⁴), EPICv2-targeted CpGs (~1.9 × 10⁶), and genome-wide truth (~5.1 × 10⁷) 529 

(Fig. S1). The restricted truth sets yielded systematically more optimistic accuracy 530 

estimates than the genome-wide truth (Wilcoxon P < 0.01). Compared with estimates 531 

obtained using the genome-wide truth set, BLUEPRINT-based sample-level RMSE 532 

estimates were lower by 13.1%–46.8% for NGS assays, by 27.5%–34.9% for EPICv2, 533 

and by up to 73.5% and 19.9% for the Oxford Nanopore-based RM1 and NP1 assays, 534 

respectively). Using EPICv2-targeted CpGs reduced this underestimation, but the 535 

RMSE estimates for NGS assays remained 5.6%–25.6% lower than the global truth 536 

(Wilcoxon P < 0.01). These results support the need for a genome-wide single-base 537 

reference to characterize genome-wide assay performance, whereas smaller targeted 538 

truth sets should be interpreted within covered loci. 539 

We next assessed the assays’ ability to preserve the expected methylation order across 540 

the six-sample titration series using Kendall’s tau (Fig. 1C). This reference-free metric 541 

relied on ranking to determine whether the expected biological ordering of samples was 542 

preserved during gradual methylation changes instead of absolute methylation levels, 543 

thereby tolerating uniform shifts or signal compression. At cytosines with methylation 544 

differences of ≥10% between adjacent samples, 66.7% (8/12) of NGS assays had 545 
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tau >0.867 and produced no more than one discordant sample pair on average. When 546 

adjacent differences narrowed to 5%–10%, only 50% (6/12) of NGS assays with 547 

tau >0.733 maintained no more than two discordant pairs. By contrast, while the 548 

EPICv2 assays exhibited higher genome-wide RMSE values than NGS assays, they 549 

maintained Kendall’s tau >0.97 under both conditions. This demonstrated an almost 550 

complete absence of discordant sample pairs. The Oxford Nanopore–based RM1 and 551 

NP1 ranked behind all NGS assays, including the outlier BS4. Notably, the methylation 552 

levels and differences for D5 and D6 samples were derived from assay outputs rather 553 

than reference truth. These results reveal that microarray methods maintain excellent 554 

internal consistency when profiling multiple samples within the targeted scope. NGS 555 

methods showed partial deficiencies, while Oxford Nanopore methods were highly 556 

prone to internal contradictions. 557 

Third, we used the mean absolute error (MAE) of relative methylation difference 558 

(ΔMeth) [34] to evaluate how accurately assays measured the sizes of methylation 559 

changes (Fig. 1D), as downstream analyses inherently depend on effect sizes rather than 560 

mere statistical significance. We analyzed four sample-pair contrasts with distinct 561 

biological relationships: BC-BL for tumor versus matched normal, BL-D6 for normal 562 

individuals with different ancestry backgrounds, F7-M8 for unrelated normal 563 

individuals with the same ancestry background, and D5-D6 for the twin-daughter pair 564 

with divergent cellular differentiation trajectories. As a result, the F7-M8 pair yielded 565 

the highest MAE for all assays, indicating that the biological relationships did not 566 

translate into a corresponding order of measurement difficulty. Among evaluated assays, 567 
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RR1 had higher MAE than all non-targeted NGS assays in BC-BL (0.25) and BL-D6 568 

(0.25), despite its top ranking by Kendall’s tau. Oxford Nanopore-based assays showed 569 

a different relationship between the two metrics. NP1 achieved MAE values that were 570 

indistinguishable from the NGS assays across all contrasts, while RRMS had the 571 

highest MAE among all assays on three contrasts. 572 

Notably, while these metrics fundamentally capture distinct dimensions of performance, 573 

converting them into performance rankings reveals the concordance within NGS assays. 574 

Specifically, the sample-level RMSE ranking of NGS assays was highly concordant 575 

with their ranking for biological order preservation, achieving a Spearman's rho of 0.98 576 

(P < 0.01) when adjacent differences were ≥10%, and 0.93 (P < 0.01) when adjacent 577 

differences were 5%–10%. Furthermore, the sample-level RMSE ranking of the NGS 578 

assays is also highly consistent with their ranking based on the MAE of ΔMeth for the 579 

D5-D6 pair (Spearman's rho = 0.77, P < 0.01). This underscored the critical importance 580 

of single-sample quantitative accuracy of NGS assays for the robust detection of subtle 581 

methylation differences. The outlier BS4 was excluded from the following analyses. 582 

Genomic sequence context stratifies quantitative errors 583 

We extended the genome-wide assessment by resolving the performance of NGS assays 584 

across genomic contexts, and found that GC content and methylation-level stratification 585 

converted global RMSE into context-specific error profiles. The GC content strata from 586 

Genome-in-a-Bottle (GIAB) stratification resources [46] revealed lower RMSE in 587 

extreme native GC% bins than in moderate bins, indicating that unconverted GC 588 

content alone did not fully capture the influence (Fig. 2A). Considering the base-589 
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conversion state, we defined dynamic GC content (dGC%) of ±75 bp flanking sequence 590 

for every cytosine (see Methods). At a given native GC%, lower dGC% reflects 591 

hypomethylated contexts that become AT-rich after reverse conversion, whereas higher 592 

dGC% indicates cytosine retention and increased GC-richness. 593 

Accounting for dGC% separated distinct error landscapes across GC% bins (Figs. 2B, 594 

S2, S3). EM-seq and TAPS peaked at moderate native GC (60–80%) with low-to-595 

moderate dGC (20–40%). Meanwhile, WGBS, RRBS, and Oxford Nanopore assays 596 

showed higher RMSE in GC-poor/low-dGC contexts (0–40%). While RRBS (RR1) 597 

exhibited the narrowest RMSE range (4.0) across strata, it did not universally achieve 598 

the minimal absolute errors. In contrast, in GC-rich and high-dGC contexts (both 65%–599 

100%), RRMS (RMSE=1.8) and TAPS (RMSE=2.4 each) achieved the lowest 600 

quantitative errors across all assays and GIAB strata. Targeted EPICv2 assays showed 601 

a distinct profile, with maximal errors concentrated in extreme GC-rich/high-dGC 602 

regions (80–100%). 603 

In the further analysis of the impact of methylation levels, we found that raw RMSE 604 

was lower at the methylation extremes and increased at intermediate methylation levels 605 

across all sequencing-based assays, producing inverted U-shaped profiles. This pattern 606 

is expected for sequencing-based methylation estimates, where binomial sampling 607 

makes counting noise depend on methylation level and read depth [47–49]. To evaluate 608 

assay-specific effects of methylation level beyond the binomial sampling variance, we 609 

introduced binomial-standardized RMSE (bRMSE) (Methods). By normalizing 610 

observed errors against the expected stochastic variance given reference methylation 611 
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and read depth, bRMSE helped separate assay-specific, non-binomial, methylation 612 

level-dependent error excess from baseline counting noise. Specifically, a bRMSE 613 

value of 1.0 indicates errors consistent with binomial read sampling alone. A value 614 

greater than 1.0 indicates that there is assay-specific error excess stemming from 615 

experimental practice or bioinformatic processing beyond the sampling noise. 616 

Modeling bRMSE from the D5/D6 sample pair using a generalized linear model (see 617 

Methods) showed that WGBS had the lowest mean bRMSE across methylation-level 618 

bins (1.082), followed by TAPS (1.095) and EM-seq (1.106), whereas RRMS, NP-619 

WGS, and RRBS showed higher error excess (1.263, 1.370, and 1.489, respectively). 620 

The assay-level curves revealed distinct methylation-dependent profiles (Fig. 2C). 621 

Specifically, EM-seq, RRMS, and NP-WGS assays exhibited larger error excess at low 622 

methylation levels. In contrast, the error excess of TAPS increased toward high 623 

methylation levels, while RR1 maintained consistently high error excess. The 624 

performance of WGBS varied considerably across different assays. RMSE and bRMSE 625 

decomposition indicated that the higher RMSE of WGBS and TAPS relative to EM-seq 626 

was primarily driven by the sequencing depth-associated binomial component. 627 

Conversely, more than half of the total error in RR1 was non-binomial, strongly 628 

suggesting the presence of systematic bias that cannot be mitigated by increasing 629 

sequencing depth. 630 

Mappability differentiates chemistry-specific quantitative sensitivity 631 

Low-mappability regions are often enriched for repetitive and structurally complex 632 

genomic elements and represent a persistent challenge in single-base-resolution 633 
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epigenomics. While binary GIAB strata showed a reproducible (Wilcoxon P < 0.01 for 634 

NGS methods) but marginal RMSE increment across NGS assays (0.03–1.56, Fig. 3A), 635 

this obscured assay-specific sensitivities. To resolve the continuous impact of 636 

mappability on quantitative fidelity, we optimized assay-specific k-mer sizes of BisMap 637 

(for reverse conversion chemistries) or UMap tracks (see Methods) [50]. WGBS assays 638 

selected K24 (2/3, no candidate for BS1), EM-seq assays split between K24 (1/4) and 639 

K100 (3/4), and TAPS assays split between K24 (1/3) and K36 (2/3). By RMSE range, 640 

EM-seq exhibited the highest robustness to mappability variations (1.48–2.11), whereas 641 

targeted assays were highly susceptible, with EPICv2 showing extreme sensitivity 642 

(15.19–23.16) (Fig. 3B). 643 

Quantitative sensitivity to mappability also depended on the aligner used. Under reverse 644 

conversion (Fig. 3C), RMSE ranges varied from 1.18 (Bismark) to 2.52 (BSMAPz). 645 

Under direct conversion (Fig. 3D), aligners exhibited generally higher and more 646 

variable sensitivities, with RMSE ranges spanning from 2.04 (BISCUIT) to 4.42 647 

(Bowtie2). For several tools (e.g., BISCUIT, Bismark/Bowtie2, gem3-mapper, and 648 

minibwa), both the selected k-mer size and the RMSE range differed between the two 649 

conversion directions. These results indicate that alignment algorithms should be 650 

considered when interpreting mappability-associated methylation error. 651 

Tumor genome contexts reveal localized quantitative difficulty 652 

While previous analyses established baseline error profiles in diploid genomes, tumor 653 

genomes introduce additional challenges because somatic CNVs and aneuploidy can 654 

alter sequencing analysis. We used a matched breast cancer cell line (BC, HCC1395) 655 
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and its normal counterpart (BL) as a stress-test model. We stratified the BC genome 656 

into six ploidy states, ranging from loss to high-amplification (Fig. 4A). Friedman rank-657 

sum and Nemenyi post hoc tests showed that copy-number-stratified RMSE difference 658 

(ΔRMSE, BC minus BL) differed significantly among these states in both genome-wide 659 

and GIAB “NotInAllDifficultRegions” analyses (both P < 0.01; Fig. 4B). Specifically, 660 

non-targeted NGS methods (WGBS, EM-seq, TAPS) exhibited the highest ΔRMSE in 661 

loss and diploid-like regions, whereas high- and moderate-amplification regions 662 

maintained constrained error inflation. Conversely, this ordering was completely 663 

reversed for targeted methods (RRBS and RRMS) (Fig. 4C), revealing opposite 664 

quantitative vulnerabilities to tumor aneuploidy. Across all evaluated methods, non-665 

targeted NGS assays had overall ΔRMSE values from 0.47 (EM1) to 1.69 (PS3), 666 

comparable with NP-WGS (0.97) and smaller than EPICv2 (ΔRMSE range: 2.40–4.13) 667 

and RRMS (5.66). The maximum absolute localized ΔRMSE was smaller for NGS 668 

assays (2.33, observed in BS3 within high-amplification regions) than for EPICv2 669 

(4.12), RRMS (4.44), and NP-WGS (3.95). 670 

Ploidy states captured broad error inflation associated with tumor aneuploidy, but this 671 

stratification could obscure local genomic features linked to these biases. To further 672 

localize these difficulties, we mapped ΔRMSE across 85 functionally and structurally 673 

annotated GIAB strata (Fig. 4D). For each assay, stratum RMSE was first normalized 674 

by subtracting the corresponding sample-level global RMSE. The “common difficulty” 675 

was defined as the median normalized penalty across BL, D5, D6, F7, and M8 samples. 676 

The “BC-extra penalty” was defined as the normalized penalty in the BC sample minus 677 
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this “common difficulty” background. We applied a practical effect-size threshold of 678 

2.33 RMSE units, corresponding to the maximum absolute localized ΔRMSE observed 679 

across non-targeted NGS assays in the preceding ploidy analysis, and required 680 

recurrence in at least two assays within each of WGBS, EM-seq, and TAPS. 681 

Seven strata met the strict BC-specific criteria without meeting the common-difficulty 682 

criterion. Among them, the most pronounced excess occurred in 683 

“SimpleRepeat_triTR_50to149_slop5” (4.75 RMSE units), followed by 684 

“population_CNV_FP_regions” (3.84), 685 

“gnomAD_InbreedingCoeff_slop1bp_merge1000bp” (3.77), and 686 

“SimpleRepeat_diTR_50to149_slop5” (3.65). The remaining three strata, including 687 

“gc85_slop50”, “gc75to80_slop50”, and “BadPromoters”, had median BC-extra 688 

penalties of 2.68–3.05. Two additional strata were classified as common difficulties that 689 

were amplified in BC sample, including “CMRGv1.00_duplicationinKMT2C” and 690 

“collapsed_duplication_FP_regions”, with median common difficulties of 19.16 and 691 

2.83, respectively. The KMT2C stratum represented an extreme outlier. Under this 692 

classification framework, in the HCC1395 genome, recurrent error excess involved 693 

specific repeat, CNV-associated, GC-rich, promoter, and duplication contexts. 694 

Reference-free quality control selects reliable CpG methylation measurements 695 

The landscape of quantitative errors observed in NGS assays highlighted the need to 696 

identify reliable CpG measurements with individual samples before downstream 697 

analyses. To make such quality control applicable without matched ground truth, we 698 

first tested whether routine metrics could serve as proxies for quantitative accuracy 699 
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(Table S2). Quantitative reproducibility between technical replicates, measured by 700 

Spearman’s rank correlation (Spearman’s rho), was weakly associated with quantitative 701 

accuracy, with R² < 0.15 across all three benchmarking scopes (Fig. 5A). Although NGS 702 

assays showed distinct conversion-efficiency and intermediate-methylation bias 703 

patterns (Fig. 5B), including incomplete conversion and underestimation in TAPS 704 

assays, Spearman and Mantel tests did not support these metrics as substitutes for 705 

sample-level RMSE. This result held under the pre-specified association criterion of 706 

both Spearman’s rho and Mantel’s r ≥0.7 with P < 0.05 in both tests, regardless of 707 

whether the outlier BS4 was excluded (Table S3). Nevertheless, conventional metrics 708 

retained diagnostic value, as the abnormal chrM conversion rate of outlier BS4 (82.5% 709 

vs. 97.8%–99.5% for other WGBS) flagged its poor performance (Table S4). These 710 

results underscored the need for a quality control approach beyond conventional metrics 711 

to ensure quantitative accuracy. 712 

These results showed the limitations of sample-level QC and underscored the need for 713 

a practical single-base QC approach. We developed MethRidgeQC, a QC tool that could 714 

assess quantitative accuracy without relying on conventional metrics. Non-targeted 715 

NGS methods (WGBS, EM-seq, and TAPS) were focused because of their dominant 716 

depth-dependent binomial error. We incorporated this error structure together with the 717 

strand concordance for CpGs as a QC indicator in our previous work [23]. 718 

MethRidgeQC trains a ridge regression model independently for every sequencing 719 

library, using internal risk anchor derived from counting uncertainty and strand 720 

discordance as surrogate training targets, eliminating the need for matched ground truth. 721 



34 

 

Each CpG cytosine is then assigned to one of five reliability classes: high reliability 722 

(H), moderately high reliability (MH), moderately low reliability (ML), low reliability 723 

(L), and unclassified (U). 724 

Based on the genome-wide reference, we found that MethRidgeQC successfully we 725 

found that MethRidgeQC distinguished CpG methylation measurements with lower 726 

and higher quantitative error across the six original samples (D5, D6, F7, M8, BC, and 727 

BL). For practical filtering, we evaluated two selection criteria: retaining H 728 

measurements alone or retaining both H and MH measurements (H+MH) (Figs. 6A, 729 

S4-S14). Across non-targeted NGS libraries excluding the outlier BS4, H+MH had 730 

51.4%–73.7% lower RMSE than the ML+L, while H alone had 52.6%–72.6% lower 731 

RMSE than the remaining classified measurements (MH, ML, and L). The H+MH 732 

selection outperformed depth filtering, yielding 26.1%–46.9% lower RMSE than a 5× 733 

cutoff and 13.5%–42.6% lower RMSE than a 10× cutoff (Fig. 6B). Within both the 5–734 

10× and ≥10× depth strata, quantitative accuracy generally improved from L to H (Figs. 735 

6C, S4-S14), indicating that the reliability classes provided useful discrimination even 736 

at moderate sequencing depth. These accuracy gains were accompanied by substantial 737 

data retention: the H and H+MH selections retained 17.2%–48.4% and 54.0%–78.7% 738 

of CpG cytosine measurements per library, respectively, with both selections yielding 739 

lower RMSE than the corresponding unfiltered libraries. MethRidgeQC also supported 740 

filtering of the poorly performing BS4 libraries, where H+MH measurements had 741 

50.7%–68.1% lower RMSE than measurements in the ML and L classes combined. The 742 

H+MH selection excluded an average of more than 18.4 million low-reliability CpG 743 
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cytosine measurements per BS4 library, while the H and H+MH selections retained 744 

averages of 12.1 million and 30.3 million measurements, respectively. 745 

 746 

Discussion 747 

Methylation readouts are shaped by protocol, platform, coverage, CpG capture, 748 

normalization, and bioinformatic workflows, rather than by biology alone [14–16, 18–749 

21]. Extending earlier selected-locus benchmarking [22], our genome-wide single-base 750 

references allow direct evaluation across broader sequence and tumor genomic contexts. 751 

This scope matters because reproducibility and conversion efficiency assess 752 

complementary aspects of methylation sequencing quality without establishing 753 

numerical accuracy at the loci used downstream [15, 51]. Therefore, routine quality 754 

control needs to be complemented by direct quantitative assessment. 755 

Method selection for methylation profiling depends on the intended analysis. Previous 756 

cross-method benchmarks have reported high concordance alongside differences in 757 

CpG recovery, coverage, GC bias, and platform behavior across NGS, long-read 758 

sequencing, and microarray-based methods [15, 18, 52, 53]. The performance 759 

differences among these methods in our benchmark reveals why such apparent 760 

concordance demands cautious interpretation. Furthermore, although absolute 761 

methylation accuracy and biological order preservation yielded similar assay rankings, 762 

the separation in performance between assays differed substantially across these 763 

dimensions. In several differential methylation scenarios, the Spearman correlations fell 764 

below 0.7 between accuracy measures. Method selection and cross-platform integration 765 



36 

 

should therefore consider the analytical priorities and the magnitude of the biological 766 

differences under investigation, with EM-seq demonstrating the most robust overall 767 

performance among the evaluated methods (Fig. S15). 768 

Separating absolute error from error above the binomial expectation helps identify 769 

priorities for assay improvement. Where depth-dependent sampling error predominates, 770 

increasing coverage is a plausible route to better precision. By contrast, persistent 771 

excess error motivates investigation of specific genomic contexts and wet-lab protocols. 772 

For RRBS, this limitation stems from the restriction-enzyme digestion (e.g., MspI) and 773 

subsequent size selection, and approaches like expanded enzyme designs and unique 774 

molecular identifiers (UMIs) have been shown to improve performance [54, 55]. 775 

Oxford Nanopore methylation detection relies on changes in nanopore ionic current 776 

signals. Corresponding methylation inference algorithms are sensitive to k-mer and 777 

other contexts [56–59]. 778 

MethRidgeQC translates the error analyses into base-level quality control by using 779 

internal evidence to stratify CpG measurements by reliability, without requiring an 780 

external reference. The H+MH strategy offers a practical balance between quantitative 781 

reliability and the number of CpGs available for further analysis, while the H-only 782 

strategy provides a more stringent option that require greater quantitative accuracy. 783 

Genomic contexts further define where these conclusions apply. The lower error 784 

observed in GC-rich regions is conditional on our consensus reference and ≥10× 785 

evaluation threshold. It therefore describes accuracy among retained measurements, 786 

while earlier studies examined coverage loss during library preparation and conversion 787 
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[14, 15, 18, 60]. Likewise, the dependence of quantitative error on chemistry-specific 788 

mappability extends alignment-focused evaluations [19, 61, 62], and supports 789 

benchmarking across multiple conversion-aware mappability scales, including k-mer 790 

scales close to explicit seed or filtration lengths where such models are defined. In thee 791 

HCC1395 tumor genome, elevated errors in regions with complex copy representation 792 

are consistent with known sequencing and reference-associated difficulties [46]. 793 

Population-CNV, excess heterozygosity and collapsed duplication annotations refer to 794 

regions where differences in copy representation between the linear reference genome 795 

and the sample can complicate read assignment and variant interpretation [63], 796 

highlighting the need to use telomere-to-telomere and pangenome references in further 797 

epigenetic analyses [64–66]. 798 

Several boundaries should guide the interpretation of this study. Our real-world, multi-799 

center design captures routine assay performance and reflects the availability and 800 

implementation of different conversion chemistries, but it introduces inherent protocol 801 

diversity, preventing attributing observed errors to specific variables, and estimation of 802 

the optimized, best-case limits of each chemistry [14–16, 52, 67]. Consequently, this 803 

study should not be interpreted as an idealized method comparison. The tumor analysis 804 

relies on only one matched pair, and the targeted and nanopore methods are represented 805 

by limited assays. Challenging clinical specimens like formalin-fixed paraffin-806 

embedded (FFPE) samples and circulating cell-free DNA (cfDNA) were excluded to 807 

control pre-analytical confounding, so performance in fragmented, damaged, or low-808 

input material requires separate validation [17, 68–70]. Besides, MethRidgeQC also 809 
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requires broader evaluation across sample types and assay implementations. 810 

Together, our study connects the genome-wide reference with practical quality control 811 

measures by genome-wide benchmarking. Rather than asking whether a method is 812 

globally acceptable, it identifies where methylation measurements remain numerically 813 

reliable for biological inferences and translational applications. 814 
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Figures Legends 1078 

Fig. 1. Study design and quantitative performance of evaluated assays. A: Reference 1079 

materials and multicenter assay cohort. B: Sample-level quantitative accuracy (RMSE) 1080 

across assays and Quartet samples. C: Kendall's tau for D5-D6 titration series 1081 

methylation with 10% or 5% adjacent methylation differences. D: Mean absolute error 1082 

(MAE) of relative ΔMeth estimates across four biological contrasts. 1083 

Fig. 2. Quantitative accuracy influenced by GC content and methylation state of 1084 

template DNA across methods. A: Impact of GC content on quantitative accuracy 1085 

across methods. RMSE values are grouped by GIAB-style GC strata, including 1086 

moderate (25–65% and 30–55%), extreme (<25% or >65% and <30% or >55%), and 1087 

genome-wide (global) range. Wilcoxon signed-rank tests were performed to compare 1088 

the RMSE values across strata. B: RMSE heatmaps of the joint effects of GC content 1089 

and methylation levels on assay performance. Both GC% and dGC% are grouped into 1090 

five bins. For every assay, the cell values indicate the mean RMSE across the duplicates 1091 

of Quartet samples (n=8). C: Assay-specific fitted curves showing binomial-normalized 1092 

RMSE (bRMSE) as a function of methylation level. A bRMSE value of 1.0 represents 1093 

the nominal binomial sampling baseline, whereas the values above 1.0 indicate 1094 

additional quantitative error beyond that expected from binomial sampling alone within 1095 

the corresponding methylation range. The sizes and colors of dots represent the absolute 1096 

quantitative error and the relative contribution of non-binomial error across methylation 1097 

levels, respectively. Higher fractions indicate greater relative contribution of error 1098 

beyond depth-dependent binomial sampling. 1099 
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Fig. 3. Mappability sensitivity of methods and aligners. A: The RMSE values of all 16 1100 

assays on Quartet samples across GIAB LowMappabilityAll and 1101 

NotInLowMappabilityAll strata, together with global RMSE values. Wilcoxon signed-1102 

rank test were performed to compare the RMSE values across strata. B: Assay-specific 1103 

RMSE profiles across mappability bins using the selected BisMap or UMap track for 1104 

each assay. C and D: Sample-level RMSE and RMSE range across mappability bins for 1105 

reverse- and direct-conversion aligners, respectively. Selected BisMap/UMap tracks are 1106 

filled with color, while the others are represented by hollow circles. Aligners are sorted 1107 

by global RMSE from top to bottom. 1108 

Fig. 4. Localized difficulties in the HCC1395 tumor genome. A: The distribution of 1109 

copy number and ploidy bins of the BC reference sample, inferred from the Oxford 1110 

Nanopore whole genome sequencing data. B: Critical Difference (CD) diagram of the 1111 

Nemenyi test showing statistical comparison of all ploidy bins for non-targeted NGS 1112 

data. The same letter indicates the same Nemenyi group. Shared letters mean no 1113 

significant separation. A lower mean rank and assignment to group “a” both denote 1114 

greater quantitative difficulty. C: Heatmap of BC-BL delta RMSE across ploidy bins, 1115 

in which the high values indicate increased errors. D: Distribution and decision tree for 1116 

classifying GIAB strata using WGBS, EM-seq, and TAPS assays. For each assay and 1117 

sample, stratum-localized RMSE and sample-level global RMSE were averaged across 1118 

technical replicates. Common difficulty was defined as the median regional penalty 1119 

across the five background samples (BL, D5, D6, F7, and M8). The BC-extra penalty 1120 

was calculated by subtracting the median common difficulty from the localized penalty 1121 
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in BC (HCC1395) sample. The BC-extra penalty quantified the additional localized 1122 

error relative to the non-tumor background after counting for sample-level RMSE 1123 

baselines. For every stratum, a method “passed” when ≥ 2 assays exceeded the practical 1124 

cutoff of 2.33 RMSE units. Penalty was calculated by subtracting sample-level global 1125 

RMSE from the RMSE within the evaluated stratum, after averaging the technical 1126 

replicates. The common difficulty was defined as the median regional penalty across 1127 

the five background samples, including BL, D5, D6, F7, and M8. A method passed the 1128 

criterion when at least two assays exceeded the 2.33 RMSE cutoff.  1129 

Fig. 5. Quantitative accuracy of different benchmarking scopes and conventional data 1130 

quality metrics. A: RMSE across BLUEPRINT-covered, EPICv2-targeted, and 1131 

genome-wide truth-set regions. B: Correlation between RMSE and quantitative 1132 

reproducibility (Spearman’s rho) across scopes. C: Conversion efficiency measured by 1133 

mitochondrial DNA, spiked-in lambda phage DNA and pUC19 plasmid DNA, and 1134 

quantitative bias at cytosines with intermediate methylation levels from ZYMO 1135 

standards. 1136 

Fig. 6. Stratification of CpGs by MethRidgeQC and its comparsion with depth filtering. 1137 

A: MethRidgeQC assigns CpG cytosine measurements to four reliability classes on 1138 

D6_1 libraries (the first technical replicate of D6 sample), including high (H), 1139 

moderately high (MH), moderately low (ML), and low (L). Left panel shows the 1140 

proportions of four classes. Their quantitative accuracy (RMSE) values were annotated 1141 

in the blocks. Right panel shows the distribution of the RMSE values of the four classes 1142 

and two combined groups. Dashed vertical lines mark the corresponding sample-level 1143 
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RMSE for each assay. B: Relative RMSE reduction obtained by retaining H+MH 1144 

measurements compared with filtering solely by depth of ≥5× or ≥10×. Results are 1145 

shown separately for each assay across D5, D6, F7, M8, BC, and BL samples. C: CpG 1146 

cytosine counts and class-specific RMSE values within the 5–10× and ≥10× depth strata 1147 

on D6_1 sample. Patterned bars show cytosine counts on a log10 scale, with patterns 1148 

identifying reliability classes. Circles below the shared baseline show the 1149 

corresponding RMSE, with larger values plotted farther downward and fill color 1150 

encoding RMSE. 1151 

 1152 
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