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Abstract

Summary: Nucleotide conversion sequencing techniques are frequently used for the detection of various types of chemical modifications at nu-
cleotide level. However, mapping of chemically treated reads to large reference sequences that contain only three nucleotides can be highly
compute-intensive. We present RMapAlign3N—an efficient yet accurate tool for mapping of 3 N-reads to reference genomes or transcriptomes
that leverages the power of modern multi-core CPUs. Our performance evaluation using real and simulated data shows that RMapAlign3N is
faster and more scalable than prior CPU-based approaches including HISAT-3N, BSMAP, Bismark, and SLAM-DUNK for BS-seq and SLAM-seq

data at competitive accuracy.

Availability and Implementation: RMapAlign3N is open source software written in C++ and can be downloaded at http://github.com/muel

lan/rmapalign3n.

1 Introduction

Nucleotide conversion (NC) sequencing techniques are cru-
cial for the detection of DNA or RNA modifications. They re-
quire corresponding molecules to undergo chemical
treatment that change nucleobases, which in turn affects how
nucleotides are read by next generation sequencing (NGS)
platforms such as Illumina. We focus on 3N conversions in
which one of the four base letters (A, C, G, T) is replaced by
a different one in the final sequence data if a specific type of
modification is present or absent in the original biomelecule.

Prominent examples include BS-Seq (Bisulfite sequencing)
and SLAM-seq (thiol (SH)-linked alkylation for metabolic se-
quencing of RNA). BS-seq features C-to-T conversions in the
sequencing reads for unmethylated cytosine while leaving
methylated or hydroxymethylated cytosine (SmC or 5ShmC)
unaffected. SLAM-seq introduces T-to-C conversions in the
reads when the reverse transcriptase encounters an alkylated
s*U residue during RNA to cDNA conversion.

Standard alignment algorithms such as Bowtie2
(Langmead and Salzberg 2012) are often not able to accu-
rately align the generated NC reads to an unmodified refer-
ence since converted nucleotides would be treated as
mismatches leading in turn to large fractions of incorrect or
unmapped reads. As a consequence, several mapping tools
have been developed specifically designed for NC reads. The
three-letter strategy is a popular approach for mapping 3N
sequencing data. It is based on replacing the converted letter
in both the reference sequence and the sequencing reads by
the newly introduced letter (e.g. for BS-Seq all C’s are
replaced by T’s). Afterwards, known aligners such as
Bowtie2 or HISAT2 (Kim et al. 2019) are executed.

Examples of aligners for BS-seq reads include Bismark
(Krueger and Andrews 2011), BSMAP (Xi and Li 2009), and
Arioc (Wilton et al. 2018), while SLAM-DUNK (Neumann
et al. 2019) is designed for SLAM-seq data. Moreover,
HISAT-3N (Zhang et al. 2021) is an extension of HISAT2
that can handle various types of NC 3 N reads including both
BS-seq and SLAM-seq.

The methodologies employed by these tools are mostly
based on first identifying candidate conversions with the help
of k-mer based seeding or hashing techniques followed by
alignment and analysis steps. Bismark aligns 3 N-converted
reads to a 3 N-converted reference using Bowtie2 as underly-
ing aligner; HITSAT-3N first builds an index of 3 N-converted
references followed by a 3 N-read mapping stage that uses a
graph FM index; BSMAP uses a hashing-based approach and
bitwise masking; SLAM-Dunk relies on an interval tree data
structure and NextGenMap (Sedlazeck et al. 2013) for align-
ment; Arioc performs a non-gapped spaced-seed alignment
followed by a GPU-accelerated alignment step.

Although several aligners have been developed, they can
still be highly time-consuming for large-scale datasets. As NC
sequencing technologies further advance, finding more effi-
cient solutions is of high importance to research.

In this paper, we present a new software tool for aligning
3N reads called RMapAlign3N (Read Map Align for 3N
conversion techniques) based on combining a locality sensi-
tive hashing (LSH) approach for efficient candidate identifi-
cation with multiple sequence alignment (MSA) construction
to effectively remove false positives.

Our performance evaluation shows that it can outperform
HiSAT3N, BSMAP, and Bismark for mapping BS-seq reads
by a factor of 4.9, 11.3, and 95.5, when executed on the
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same multi-core CPU at a similar alignment quality.
Furthermore, RMapAlign3N outperforms SLAM-DUNK and
HI-SAT3N for mapping SLAM-seq reads by a factor of 2.1
and 3.7. In addition, it scales better than other tested tools
with respect to the number of utilized CPU cores.

2 Results

We compared the performance of RMapAlign3N to HISAT-
3N (v.2.2.1), BSMAP (v.2.90), Bismark (v.0.24.2) for BS-seq
reads, and HISAT-3N and SLAM-DUNK (v.0.4.3) for
SLAM-seq reads on CPUs. Furthermore, we benchmarked
Arioc (v.1.52) on a GPU. All CPU benchmarks were per-
formed on a workstation with an AMD EPYC 7713P 64-core
CPU and 512GB of RAM using 128 threads. The GPU
benchmarks were run on a workstation with two Intel Xeon
Gold 6238 CPUs, 192 GB RAM, and an NVIDIA V100
GPU card.

We used the following data sets to evaluate alignment
performance:

1) BS-seq-sim: 100 million 100-bp paired-end BS-seq reads
with a 50% C-to-T conversion rate and a 0.2% per-base
sequencing error rate simulated using Sherman (https:/
github.com/FelixKrueger/Sherman)

2) BS-seq-real: 78 million 125-bp real paired-end whole-
genome BS-seq reads (SRA accession: SRR3469520)

3) SLAM-seq-sim: 100 million 100-bp single-end reads
generated from 3’ regions of transcripts with a 2% T-to-
C conversion rate and a 0.2% per-base sequencing error
rate simulated using SLAM-DUNK

4) SLAM-seq-real: 45 million 100-bp real-world single-end
SLAM-seq reads (SRA acccesion: SRR5806774)

The human genome GRCh38 was used as reference in all
BS-seq tests and a human transcriptome from GENCODE
GRCh38.p13 as reference in all SLAM-seq tests. All reads
stemming from real experiments were trimmed with Trim
Galore! to remove adaptors and all reads with a length less
than 40-bp were discarded.

In addition to measuring runtimes and memory consump-
tion for each tool, we determined the (unique) alignment ac-
curacy (only for simulated datasets) and the (unique)
alignment rate (for all datasets) as follows.

#(uni ligned read
(unique) align rate= (unique) aligned reads

#reads (pairs)
#(unique) correctly aligned reads
#reads (pairs)

(unique) align accuracy=

Note that reads that are aligned to multiple locations are
classified as correctly aligned if any of these candidate loca-
tions is correct. In case of unique alignment rate/accuracy
only alignments with a single reported mapping location are
considered. In case of multiple candidate locations with the
same mapping score we select the first from the candidate list
whose ordering is determined by the execution order and
thus not deterministic.

Figure 1b and ¢ show the runtimes, memory usage, and
(unique) alignment rate/accuracy for each tested tool for the
simulated and real BS-seq data, respectively. RMapAlign3N
is the fastest CPU-based tools in both tests with speedups of
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4.9 (4.7), 11.3 (10.1), and 95.5 (79.4) using simulated (real)
data over HISAT-3N, BSMAP, and Bismark, respectively.
Furthermore, it exhibits the highest alignment accuracy for
simulated data and the highest unique alignment rate for
both real and simulated data. In addition, it achieves compa-
rable runtime to GPU-accelerated Arioc for simulated data
and even slightly faster runtime (while consuming almost an
order-of-magnitude less memory) for real-world data being
executed only on a CPU eliminating the need of using special-
ized hardware platforms.

Figure 1d and e show the runtimes, memory usage, and
(unique) alignment rate/accuracy for each tested tool for the
simulated and real SLAM-seq data, respectively.
RMapAlign3N is the fastest tool in both tests with speedups
of 3.7 (3.3), and 2.1 (2.0) using simulated (real) data over
HISAT-3N, and SLAM-DUNK, respectively. SLAM-DUNK
has the highest alignment rates but exhibits the lowest
(unique) alignment accuracy of all tested tools. HISAT-3N
shows the best alignment accuracy for SLAM-seq data with
RMapAlign3N being second. The better performance of
HISAT-3N could be explained by its use of a graph-based
spliced alignment strategy.

In addition, we compared the thread scalability of different
tools in Supplement Table 1 with the number of threads vary-
ing from 4 to 128. Overall, RMapAlign3N exhibits the best
thread scaling behaviour with an efficiency of 42% for 128
threads outperforming HISAT-3n (32%), BSMAP (22%),
and Bismark (15%).

3 Methods and implementation

RMapAlign3N is implemented in C++ using multi-threading
targeting Linux workstations. It combines MinHashing
(Broder 1997) of k-mers for fast candidate selection and in-
spection of MSAs in order to achieve both high speed and ac-
curacy for NC read mapping. Our pipeline consists of the
following steps and is illustrated in Fig. 1a.

) 3N reference index building

) Index querying

) 3N-alignment and MSA construction
) MSA evaluation

5) Result output

1
2
3
4

3.1 3N reference index building

We build two index databases from the reference sequence in
a pre-processing step: one for the forward sequence and one
for its reverse complement. Both indices are built with the de-
sired nucleotide conversion applied, e.g. in the case of BS-seq,
cytosine will be changed to thymine during index building.
The indices are constructed using MinHashing to store infor-
mation for each narrow region of a sequence in a compact
way. This allows for efficient approximate match queries
based on an approximation of the Jaccard index of feature
sets derived from sequence segments.

First, the reference sequence is divided into windows of
length w (by default w = 64) that overlap by k-1 base pairs.
For each of these windows, all substrings of length k are gen-
erated (by default £ =16) and a hash function b is applied to
these k-mers. The resulting set of hash values, also called fea-
tures, is sorted and the s (by default s =16) lexicographically
smallest values are selected. This reduced set of features is
then stored in a hash table which maps features to reference
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(a) Pipeline workflow for both stages: index building (dotted lines) and mapping.

Aligner RMapAlign3N HISAT-3N BSMAP Bismark Arioc
Runtime 11 min 54 min 124 min 1051 min 10 min
Memory Usage (CPU) 10.1GB 8.8GB 9.8GB 17.2GB 74 GB
Memory Usage (GPU) = - - = 28 GB
Alignment Rate 99.83% 99.12% 99.90% 95.24% 99.91%
Alignment Accuracy 99.70% 98.02% 96.85% 95.20% 97.11%
Unique Alignment Rate 97.31% 97.60% 95.14% 95.32% 97.54%
Unique Alignment Accuracy 96.42% 96.21% 93.92% 95.16% 96.33%

(b) Experimental results for the mapping of 100 million simulated paired-end BS-seq reads.

Aligner RMapAlign3N HISAT-3N BSMAP Bismark Arioc
Runtime 9 min 41 min 91 min 715 min 11 min
Memory Usage (CPU) 9.2GB 8.4GB 10.2GB 16.5 GB 72GB
Memory Usage (GPU) - - - - 28 GB
Alignment Rate 90.07% 89.01% 89.69% 83% 90.21%
Unique Alignment Rate 85.43% 85.19% 83.26% 83% 83.86%

(c) Experimental results for the mapping of 78 million real-world paired-end BS-seq reads.

Aligner RMapAlign3N HISAT-3N SLAM-Dunk
Runtime 369s 1380s 784s
Memory Usage 11.0GB 8.8GB 13.4GB
Alignment Rate 98.7% 99.87% 99.08%
Alignment Accuracy 98.2% 99.72% 94.14%
Unique Alignment Rate 95.35% 95.86% 95.34%
Unique Alignment Accuracy 93.23% 95.35% 91.81%

(d) Experimental results for the mapping of 100 million simulated single-end SLAM-seq reads.

Aligner RMapAlign3N HISAT-3N SLAM-Dunk
Runtime 174s 581s 343s
Memory Usage 10.9GB 8.4GB 12.0GB
Alignment Rate 98.10% 97.25% 99.1%
Unique Alignment Rate 77.99% 79.98% 99.1%

(e) Experimental results for the mapping of 45 million real-world single-end SLAM-Seq reads.

Figure 1. Workflow diagram and experimental results. (a) Pipeline workflow for both stages: index building (dotted lines) and mapping. (b) Experimental
results for the mapping of 100 million simulated paired-end BS-seq reads. (c) Experimental results for the mapping of 78 million real-world paired-end BS-
seq reads. (d) Experimental results for the mapping of 100 million simulated single-end SLAM-seq reads.
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sequence locations identified by both a sequence ID and a
window ID. In order to achieve a good hash table bucket dis-
tribution that minimizes performance-degrading collisions,
features are hashed again with a hash function b, before be-
ing inserted into the table. This subsampling scheme for fast
non-exact sequence matching is largely based on our prior
work for metagenomics (Miiller et al. 2017). Similar hash-
based sequence indexing and matching techniques are also
discussed in (Alser et al., 2021, Kille et al. 2023).

3.2 Index querying

For each input read, we generate two 3 N reads, one forward
and one reverse complement read, both with the selected 3 N-
conversion applied. Converted reads are then queried against
both 3N reference indices thus producing four results per
read. Duplicate mapping candidates are removed in the fol-
lowing MSA stage.

Querying proceeds in the same fashion as index building.
First, each read is divided into overlapping windows of size
w. For each read window, a MinHash signature is computed
whose feature values are then queried against both the for-
ward and the reverse 3 N reference index.

Each query of a feature against an index hash table yields a
list of locations (sequence ID, window ID) where this feature
occurs in the reference. For each read window, the candidate
regions resulting from all feature queries are sorted by their
sequence and window IDs which can be done with a linear
time merge step since locations for each feature are stored in
ascending order in the index.

We then select all locations as potential mapping candi-
dates for a read where at least ¢ many features occur in a
range of windows that has at most as many windows as the
read itself. The threshold ¢ is important for balancing sensitiv-
ity and performance: keeping ¢ high results in faster execution
times since it reduces the number of alignments that have to
be performed subsequently but it can also degrade mapping
accuracy if set too high, because valid candidate regions
might not be found (see Supplement Table 2 for experimental
results analyzing this trade-off). Paired-end information (if
available) is also taken into consideration by accumulating
scores from neighboring windows spanning a corresponding
genomic region. This results in a set of candidate regions per
read which are then processed in the next step.

We exploit multi-threading on modern multi-core CPU sys-
tems by using T threads as follows. One thread reads sequen-
ces from file and puts them into a concurrent queue, while
T/2 -1 threads process the queries and generate candidate
regions. Batches of these per-read candidate lists are inserted
into a second concurrent queue for further processing. The
remaining threads execute the steps described below by tak-
ing batches from the second queue as input. Note that read
batches are evicted from memory once fully processed.

3.3 3N-alignment, MSA construction and inspection

Each read is aligned against all candidate regions obtained in
the query step using semi-global alignment methods provided
by Edlib (Sosi¢ and Siki¢ 2017). Using the alignment informa-
tion we then construct an MSA of a candidate region and all
reads mapped to that region in the reference. This enables us
to remove certain false positive mappings by inspecting the
MSA, i.e. we can better distinguish true 3 N sequence conver-
sions from sequencing errors.

Muller et al.

MSA construction starts by loading the original (unmodi-
fied) subsequence from the reference and the original
(unmodified) reads that were mapped to the considered refer-
ence region. For each reference region, sequences mapping to
that region (at most 16) are put into a matrix where the can-
didates are shifted with respect to the reference region
according to the previously obtained alignments.

These steps require loading the reference sequence(s) as
well as successfully mapped read sequences into memory
again, while the 3N reference index can be evicted from
memory since it is not needed any more. The reads are not
loaded all at once but in batches of several GB corresponding
to a contiguous range of reference sequence windows where
these reads map to. Which reads map to a common reference
region is determined by a list of read indices that is sorted by
candidate reference region (sequence and window ID)
obtained in the previous index querying step. While this
might require streaming through the input read dataset a few
times, it keeps the memory footprint low with only moderate
runtime overhead, since computation on the current batch
can be overlapped with reading the next batch of reads
from disk.

In order to identify true converted nucleotide locations and
distinguish them from mismatches each MSA is inspected us-
ing a combination of global and column-based scores. For
each column 7 of the MSA the following statistical properties
are computed: the total number of nucleotides, the percent-
age of As, Cs, Gs, and Ts, the most common nucleotide M;,
whether M; agrees with the reference, and lastly a column
consensus C; if the relative frequency of M; exceeds a prede-
fined threshold. In addition to that, statistics for each individ-
ual read in the MSA are generated which include the
alignment score, the percentage of columns that deviate from
the reference and the percentage of columns that deviate
from the consensus C; if applicable. Lastly, global properties
of the MSA including the total number of reads and the mini-
mum, average and maximum alignment scores of the con-
tained reads are calculated. All statistical properties are fed
into a quality filter that discards or keeps individual read to
reference region mappings. Note that this means that if a
read is initially mapped to only one region that whether such
a mapping is kept depends on the mappings of other reads to
that same region. In case there is only one read that maps to a
region, it is only filtered by a minimum alignment
score threshold.

To improve the accuracy of the mapping filter, we employ
a Random Forest classifier, that was pre-trained using simu-
lated read data. Training is done by separating positive and
negative case instances according to the previously described
set of statistical features for each instance. During classifica-
tion each individual decision tree is applied to an instance’s
features, yielding a probability for each class. An instance is
then classified according to the average class probabilities
over the set of all decision trees. The final class label is
assigned by comparing the instance’s positive class probabil-
ity to a predefined threshold.

In our experiments with simulated read data we could
show that the filter stage reduces the number of false positive
read mappings by up to 7% and on average by 4.6% on the
simulated BS-seq dataset (see Supplement Section 3 for more
details on training and performance).

Finally, the resulting alignments are written to an output
file in either a custom text format, which allows for faster
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output speed and also provides a nucleotide conversion table,
or in SAM format which is widely used in many bioinformat-
ics pipelines and also by most 3 N mappers. Like HISAT-3N
we report the number of identified conversions and alignment
strand (forward or reverse) using extra SAM tags. Thus, the
user can obtain both the positions of the most likely conver-
sions as well as the full alignments to the reference.

The average runtime contributions of RMapAlign3N’s
stages for the BS-seq-sim dataset can be broken down as fol-
lows: 3 N reference index querying (12%), alignment (66 %),
evaluation and filtering (16%) and generation of the output
that begins during the filter stage and overlaps with it and
accounts for the remaining 6% of the runtime. We attribute a
major part of the runtime efficiency of RMapAlign3N to the
initial hash-based index querying phase. If it produces only a
small number of high quality mapping candidate locations
for a read, the rest of the pipeline will execute much faster
since there are only few candidates to process.

In future work, we plan to make the hash-based mapping and
alignment stages and the subsequent analysis stages available as
two independently executable parts as well as a mode that only
outputs the most likely sequence modification locations.

Acknowledgements

We acknowledge support from the Deutsche Forschung-
sgemeinschaft (DFG, German Research Foundation) — project
number 439669440 TRR319 RMaP TP CO1.

Supplementary data

Supplementary data are
Advances online.

available at Bioinformatics

Conflict of interest

No competing interest is declared.

© The Author(s) 2025. Published by Oxford University Press.

Funding

Deutsche Forschungsgemeinschaft (DFG, German Research
Foundation) — project number 439669440 TRR319 RMaP
TP CO1.

References

Alser M, Rotman J, Deshpande D et al. Technology dictates algorithms:
recent developments in read alignment. Genome Biol 2021;22:249.

Broder A. On the resemblance and containment of documents. In:
Proceedings. Compression and Complexity of SEQUENCES 1997
(Cat. No.97TB100171), Salerno, Italy. pp. 21-29. 1997. https://
doi.org/10.1109/SEQUEN.1997.666900

Kille B, Garrison E, Treangen TJ et al. Minmers are a generalization of
minimizers that enable unbiased local Jaccard estimation.
Bioinformatics 2023;39:btad512.

Kim D, Paggi JM, Park C ez al. Graph-based genome alignment and
genotyping with HISAT, and HISAT-genotype. Nat Biotechnol
2019;37:907-15.

Krueger F, Andrews SR. Bismark: a flexible aligner and methylation cal-
ler for Bisulfite-Seq applications. Bioinformatics 2011;27:1571-2.

Langmead B, Salzberg SL. Fast gapped-read alignment with Bowtie 2.
Nat Methods 2012;9:357-9.

Miiller A, Hundt C, Hildebrandt A et al. MetaCache: context-aware
classification of metagenomic reads using minhashing.
Bioinformatics 2017;33:3740-8.

Neumann T, Herzog VA, Muhar M et al. Quantification of experimen-
tally induced nucleotide conversions in high-throughput sequencing
datasets. BMC Bioinformatics 2019;20:258.

Sedlazeck FJ, Rescheneder P, von Haeseler A. NextGenMap: fast and
accurate read mapping in highly polymorphic genomes.
Bioinformatics 2013;29:2790-1. https://doi.org/10.1093/bioinfor
matics/btt468

Sosi¢ M, Siki¢ M. Edlib: a C/C++ library for fast, exact sequence align-
ment using edit distance. Bioinformatics 2017;33:1394-5.

Wilton R, Li X, Feinberg AP et al. Arioc: GPU-accelerated alignment of
short bisulfite-treated reads. Bioinformatics 2018;34:2673-5.

XiY, Li W. BSMAP: whole genome bisulfite sequence MAPping pro-
gram. BMC Bioinformatics 2009;10:232-9.

Zhang Y, Park C, Bennett C et al. Rapid and accurate alignment of nu-
cleotide conversion sequencing reads with HISAT-3N. Genome Res
2021;31:1290-5.

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Bioinformatics Advances, 2025, 00, 1-5
https://doi.org/10.1093/bioadv/vbaf164
Application Note

G20z Jequeoaq 9| uo Jasn jeysiaalun Biaqueing yor Aq GG9G618/79 LIBAA/ L /G/8|01B/S8OUBAPESONIBLLIOLNIOICG/WOD dNo olWapeoe//:sdy Wol) papeojumo(


https://academic.oup.com/bioinformaticsadvancesarticle-lookup/doi/10.1093/bioadv/vbaf164#supplementary-data
https://doi.org/10.1109/SEQUEN.1997.666900
https://doi.org/10.1109/SEQUEN.1997.666900
https://doi.org/10.1093/bioinformatics/btt468
https://doi.org/10.1093/bioinformatics/btt468

	Active Content List
	1 Introduction
	2 Results
	3 Methods and implementation
	Acknowledgements
	Supplementary data
	Conflict of interest
	Funding
	References


