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Abstract

Summary: We developed s1ideimp, an R package that extends and optimizes K-nearest neighbor (K-NN) and Principal
Component Analysis (PCA) imputation with grouped and sliding-window modes for accurate and efficient imputation of
microarray and whole-genome DNA methylation (DNAm) data, respectively. Under a realistic scenario, slideimp
achieved ~12-28x faster runtime and =3-6x peak memory usage reduction for DNAm microarray imputation
(GSE286313, EPICv2, N=72) and achieved high imputation accuracy in a whole-genome DNAm dataset (N =41).

Availability and implementation: The code used in this study is available at https://github.com/hhp94/slideimp_paper. The
R package slideimp is available on CRAN (DOI: 10.32614/CRAN.package.slideimp). Version 1.0.0 of s1ideimp, which
was used in this study, is archived on Zenodo (DOI: 10.5281/zen0d0.20029382).

1 Introduction

DNA methylation (DNAm), the addition of a methyl group to nu-
clear DNA, most commonly cytosine-phosphate-guanine (CpG)
dinucleotides, is one of the most studied epigenetic modifica-
tions in humans (Aristizabal et al. 2020). In large-scale epidemio-
logical analyses, DNAm is typically profiled using DNA
microarrays that provide sparse (<4%) genome-wide coverage.
Whole-genome bisulfite sequencing (WGBS) or Enzymatic
Methyl-seq (EM-seq) describe whole-genome DNAm variation
(=30 million sites) but at a higher per-sample cost (Lister et al.
2009, Vaisvila et al. 2021).

Imputation of missing values is essential for DNAm analyses,
especially for sequencing-based approaches where the total
missingness rate (at 30x coverage) can range from 10% to 40%
(Zou et al. 2018). Hidden Markov model (METHimpute) or gradi-
ent boosting methods (BoostMe) (Taudt et al. 2018, Zou et al.
2018) are used for the imputation of whole-genome DNAmM
data. K-nearest neighbors (K-NN) (impute), principal compo-
nent analysis (PCA) (missMDA), and regression-based
(methyLImp2) imputation are commonly used to impute mi-
croarray DNAm data (Troyanskaya et al. 2001, Josse and Husson
2016, Plaksienko et al. 2024).

The decreasing per-sample cost for both whole-genome and
DNAm microarray analyses is facilitating the generation of

increasingly large DNAm datasets, necessitating more computation-
ally efficient yet accurate imputation methods. For microarray
DNAm imputation, which involves extremely high-dimensional data
where N < p, impute.knn (impute) is limited by single-threaded
execution and suboptimal default parameters, while imputePCA
(missMDA) can be computationally inefficient. Even with the sub-
stantial increase in efficiency from parallel imputation by chromo-
some as implemented in methyLImp2 (Plaksienko et al. 2024),
this approach can be computationally demanding for larger data-
sets. For whole-genome DNAm imputation, BoostMe is no longer
actively maintained and METHimpute does not make use of
between-sample information to improve accuracy. Here, we intro-
duce slideimp, an R package that implements optimized K-NN
and PCA imputation using Rcpp and RcppArmadillo
(Eddelbuettel and Francois 2011, Eddelbuettel and Sanderson
2014) with a CpG-grouping mode for microarray data and a sliding-
window mode for whole-genome data. s1ideimp’s K-NN imputa-
tion (knn_imp) improves accuracy with distance-weighted averag-
ing, and enhances efficiency with OpenMP thread-level
parallelization and optional mlpack’s ball tree nearest neighbor
searches (Omohundro 1989, Curtin et al. 2023). slideimp’s PCA
imputation (pca_imp) builds upon imputePCA by performing a trun-
cated eigendecomposition on the smaller Gram matrix then recov-
ers the sum of tail eigenvalues via the trace identity for
numerical stability.
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Using real-world data and simulations, we benchmark
slideimp versus existing approaches for imputation of DNAm
microarray data. We also show that sliding-window PCA and K-
NN imputation improve whole-genome DNAm imputation accu-
racy with implications for derived DNAm biomarkers of aging.

2 Materials and methods
2.1 Data

For microarray DNAm data, we used the Gene Expression Omnibus
GSE286313 DNAm data (N=72): blood samples profiled using the
EPICv2 DNAmM microarrays across four cohorts of mixed sex and di-
verse geographical origin, spanning early to late adulthood (Zhuang
et al. 2025). For a second dataset, we used the GSE264438 data
(N=581): DNAm from human cell lines and tissues profiled using the
Methylation Screening Array (MSA) (Goldberg et al. 2025).

For whole-genome DNAm data, we used EM-seq (30X cover-
age) to describe DNAm in whole blood collected from 41
non-pregnant women (mean age of 32.9 years, SD of 7.1) with-
out malignancy recruited from Yale New Haven Hospital be-
tween 2023 and 2025.

2.2 DNAm microarray
imputation benchmarks

First, we benchmarked s1ideimp’s imputation efficiency using the
GSE286313 data (899 653 CpGs). We compared the total runtime and
peak memory usage of slideimp’s knn_imp and pca_imp against
impute.knn, imputePCA, and methyLImp2. To benchmark parallel scal-
ing, knn_imp was parallelized using OpenMP, while the other methods
were run in parallel by chromosome using an increasing number of
computing cores (1, 2, 4, and 8 cores), with each configuration re-
peated for 5 replicates.

We then compared the accuracy of K-NN and PCA imputation
with and without CpG-grouping by chromosome, using Monte
Carlo cross-validation (MC-CV) on both the GSE286313 and
GSE264438 dataset (271 613 CpGs). For each dataset, we per-
formed 30 independent draws, each consisting of a random sub-
set of 400 CpGs. For every draw and each selected CpG, we
masked the DNAm beta-values of 25 random participants, then
re-imputed the masked values. We calculated the mean absolute
error (MAE) and root mean square error (RMSE) of the masked val-
ues to compare grouped imputation (i.e. independently imputing
each chromosome) versus ungrouped imputation using all CpGs.

Next, we compared K-NN and PCA imputation accuracy
against methylLImp2 using the GSE286313 chromosome 22 data
(19 429 CpGs) under increasing total missing data rates from
0.5% (unmodified) to 5% by removing values at random. We
then calculated the MAE and RMSE of 10 000 randomly masked
and re-imputed values using MC-CV with 30 replicates.

DNAm microarray data are often used to derive estimates of epige-
netic age (i.e. predicted age based on DNAm variation at “clock”
CpGs). This workflow requires a beta-value matrix in which clock
CpGs with missing values (e.g. probes not passing quality control) are
imputed. Epigenetic ages are then estimated from these partially im-
puted clock CpGs and used for downstream analyses, e.g. association
tests with mortality, age-related illnesses, or other health outcomes.

To evaluate how K-NN and PCA imputation affect regression analyses
with epigenetic age derived from DNAm with imputed values, we per-
formed Monte Carlo simulations using the GSE264438 chromosome 1
data (581 samples X 24 335 CpGs). First, we simulated an epigenetic
age score X once as a linear combination of 500 randomly selected
CpGs. Then, for 1000 simulations, we (i) simulated a health outcome
y from the linear model y = 0.1x + ¢ where ¢ is a vector of indepen-
dent and identically distributed Gaussian noise scaled to achieve a
signal-to-noise ratio of 0.1; (i) masked the selected CpGs at rates of
20%-70% under missing completely at random (MCAR), missing at
random (MAR), and missing not at random (MNAR); and (jii) re-
imputed the masked values to obtain the imputed age score Ximp
(Rubin 1976). We assessed how well the regression of y on Xim, recov-
ered the true p-coefficient by comparing the recovered estimates’
quantiles against ground truth (see Supplementary Methods, avail-
able as supplementary data at Bioinformatics online for details).

2.3 Sliding-window imputation of DNAm
EM-seq data

The sliding-window imputation algorithm in s1ideimp (the sli-
de_imp function) processes a whole-genome DNAm dataset
chromosome-wise. For each chromosome, the input is an N
(samples)Xpcne (number of CpGs on that chromosome) matrix
with columns sorted by genomic position.

First, the ordered CpG sites are partitioned into windows of
size w (base pairs) with an overlap of size v between adjacent
windows. Optimal w and v are selected by MC-CV using a single
chromosome (e.g. chromosome 22). Additionally, slide_imp sup-
ports imputing only windows containing a subset of CpGs (i.e.
clock CpGs) or creating windows that flank these CpGs by w
base pairs. For every window, the corresponding submatrix is
then imputed using K-NN or PCA imputation. Finally, CpG sites
covered by overlapping windows are averaged (Algorithm 1,
available as supplementary data at Bioinformatics online).

EM-seq DNAm data were processed using the methylKit
package (Akalin et al. 2012). We compared slideimp’s sliding-
window K-NN and PCA imputation against a baseline method
that matches sequenced CpG sites to the Illumina EPICv2 A2 man-
ifest followed by K-NN imputation using impute.knn (default
parameters). Imputation accuracy was assessed using MC-CV by
re-imputing the masked beta-values from 5 random participants
for each of 1000 randomly selected clock CpGs for 30 replicates.
Lastly, to assess the impact of sliding-window imputation on epi-
genetic age estimates, we examined the partial Pearson’s correla-
tion (adjusted for batch) between chronological age and
predicted epigenetic ages using a panel of well-established epige-
netic clocks (Hannum et al. 2013, Horvath 2013, Horvath et al.
2018, Levine et al. 2018, Higgins-Chen et al. 2022).

3 Results

3.1 slideimp improves DNAm microarray
imputation efficiency and accuracy
Imputing the GSE286313 EPICv2 dataset (N =72 x 899 653 CpGs),

knn_imp (Algorithm 2, available as supplementary data at
Bioinformatics online) was ~12-55x faster than methyLImp2
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Runtime Scaling by Imputation Methods
GSE286313, EPICv2: N=72 x 899,653 CpGs

PCA and KNN imputation grouped by chromosomes
GSE286313, EPICv2: N=72 x 899,653 CpGs
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Figure 1 (A) Runtime benchmarks for various imputation methods on the GSE286313 EPICv2 microarray dataset (N =72 x 899 653 CpGs). Points
represent the median runtime in minutes across 5 repeats. (B) Imputation accuracy for the full GSE286313 EPICv2 microarray dataset, comparing
grouped (by chromosome) versus ungrouped imputation. Grouped imputation demonstrates higher accuracy than ungrouped, with grouped PCA
performing best overall. (C) Comparison of imputation accuracy among K-NN, PCA, and methyLImp2 imputation. At a 0.5% (unmodified) total
missingness rate, all methods perform well on these data (GSE286313, EPICv2, N=72, chromosome 22). The accuracy of methyLImp2 decreases more
rapidly as missingness increases. (D) Beta-value densities (N =41 x 875 754 sequenced CpGs matched with the EPICv2 A2 manifest) for the pre-
imputed, baseline, and sliding window imputation methods (K-NN and PCA) applied to the EM-seq dataset. Sliding-window imputation produces
densities that closely match the pre-imputed data. The baseline method produces a spurious peak at a beta-value of approximately 0.75 due to the
default parameters of the impute.knn function. PCA: principal component analysis; KNN: K-nearest neighbors; CpG: cytosine-phosphate-guanine; GB:

gigabytes; MAE: mean absolute error; RMSE: root mean square error.

and approached 3x faster than impute.knn (full K-NN mode) as
the number of computing cores increased (Fig. 1A). pca_imp
(Algorithm 3, available as supplementary data at Bioinformatics
online) was ~33-35x faster than methyLImp2 and ~12-28%
faster than imputePCA. This benchmark excluded impute.knn
with default settings, which performs data pre-partitioning via
recursive two-mean clustering with a default cluster size that is
too small for DNAm data (see Fig. S1A and S1B, available as sup-
plementary data at Bioinformatics online). knn_imp ball tree
(not shown) was up to 5x faster than knn_imp but also yielded
less accurate results (Fig. S1B, available as supplementary data
at Bioinformatics online). Peak memory was reduced with
slideimp by ~3-6x over methyLImp2 (Fig. S2, available as
supplementary data at Bioinformatics online). For machines
where OpenMP is unavailable, slideimp supports efficient
parallelization over chromosomes using mirai (Gao 2026) and
bigmemory (Kane et al. 2013).

Next, we examined K-NN and PCA imputation grouped by
chromosome for full DNAm microarray datasets. For both imputa-
tion methods, across both the EPICv2 (Fig. 1B) and MSA datasets
(Fig. S3, available as supplementary data at Bioinformatics
online), the grouped approach was more accurate and faster
than the ungrouped approach. This is likely because the informa-
tion used to impute a CpG site is primarily concentrated proxi-
mally to that CpG on the same chromosome (i.e. in cis) (Eckhardt
et al. 2006, Zhang et al. 2015, Plaksienko et al. 2024).

We benchmarked slideimp’s K-NN and PCA imputation
accuracy against methyLImp2 under increasing missing data rates
(Fig. 1C). methyLImp2 slightly outperformed pca_imp at baseline;
however, as the missingness rate increased, methyLImp2’s accuracy
declined more rapidly. This is because methyLImp2 requires non-
missing CpGs to impute missing patterns in other CpGs. Hence,
sliding-window K-NN and PCA imputation were more suitable for
our EM-seq data where almost every CpG had some missing values.
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Figure S4, available as supplementary data at Bioinformatics
online, shows how K-NN and PCA imputation can affect recovery
of the true p-coefficient when a simulated health outcome is
regressed on epigenetic age derived from partially imputed
data. At N=581, a typical sample size for epidemiological stud-
ies involving DNAmM microarrays, slideimp’s K-NN and PCA
imputation yielded unbiased p-coefficient estimates with good
coverage of ground truth up to 50% per-CpG missingness under
MCAR and MAR, with PCA imputation performing best across
all scenarios.

3.2 Sliding-window imputation of EM-seq
data facilitates more accurate epigenetic
age estimates

The total missingness rate ranged from 9.7% to 18.6% across
chromosomes in our EM-seq dataset. Figure 1D shows the
expected bimodal distribution of beta-values from EM-seq
DNAm data following sliding-window imputation. In contrast,
the baseline method produced a pronounced peak near 0.75.
This artifact is caused by the default parameters of impute.knn
(impute version 1.84.0) whereby CpGs with >50% missing val-
ues were imputed using the within-individual mean beta-values
across CpGs (rather than the CpG-wise means across
individuals).

Sliding-window PCA imputation substantially reduced mean
cross-validation MAE from 0.202 to 0.071 and RMSE from 0.313
to 0.102 compared to the baseline method (Table S1, available
as supplementary data at Bioinformatics online). Furthermore,
sliding-window imputation also demonstrated higher precision,
reducing the SD across repetitions for both MAE from 0.0053 to
0.0009 and RMSE from 0.0063 to 0.0016.

Across a panel of epigenetic clocks for whole blood, sliding-
window PCA substantially increased the correlation between
chronological age and epigenetic age: Horvathl (r=0.121 to
r=0.358), Horvath2 (r=0.275 to r=0.523), PhenoAge (r=0.049 to
r=0.588), and Hannum (r=0.112 to r=0.513). Correlations be-
tween chronological age and epigenetic age derived from
PCClocks, epigenetic clocks designed to be more robust to the
influence of technical factors and measurement error, also
showed substantial increases following sliding-window imputa-
tion: PCHorvath2 (r=0.498 to r=0.718), PCHannum (r=0.389 to
r=0.719), and PCPhenoAge (r=0.542 to r=0.665) (Table S2,
available as supplementary data at Bioinformatics online).

4 Conclusion

slideimp provides an efficient implementation of K-NN and
PCA imputation in R for both microarray and whole-genome
DNAm data. slideimp’s sliding-window imputation facilitates
the calculation of more accurate epigenetic age estimates from
whole-genome DNAm data compared to K-NN imputation using
default parameters.

With declining per-sample costs for whole-genome DNAm
profiling, and the emergence of long-read sequencing
approaches, we anticipate an increased demand for computa-
tionally efficient and accurate imputation approaches as imple-
mented in slideimp. Finally, while we demonstrate the utility

of s1ideimp for the imputation of DNAm data, slideimp can
be applied to increase imputation efficiency for a variety of
other high-dimensional datasets.
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