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Abstract

Telomere to telomere (T2T) assembly relies on the correctness of sequence alignments. However, the existing aligners tend to generate
a high proportion of false-positive alignments in repetitive genomic regions which impedes the generation of T2T-level reference
genomes for more important species. In this paper, we present an automatic algorithm called RAfilter for removing the false-positives
in the outputs of existing aligners. RAfilter takes advantage of rare k-mers representing the copy-specific features to differentiate
false-positive alignments from the correct ones. Considering the huge numbers of rare k-mers in large eukaryotic genomes, a series of
high-performance computing techniques such as multi-threading and bit operation are used to improve the time and space efficiencies.
The experimental results on tandem repeats and interspersed repeats show that RAfilter was able to filter 60%–90% false-positive HiFi
alignments with almost no correct ones removed, while the sensitivities and precisions on ONT datasets were about 80% and 50%
respectively.

Introduction
De novo genome assembly is one of the fundamental problems
in genomics. For a long time, the assembly of large eukaryotic
genomes is challenging due to the high complexity of repeti-
tive regions such as centromeres, telomeres, ribosomal DNA and
transposons [1]. The missing of these repetitive genomic regions
leads to incomplete reference genomes, which not only impede
the functional studies of the repeat-related genes and cause
data analytic mistakes like false-positive variant calls. Due to the
advantages in accuracy and length, the generation of PacBio high-
fidelity (HiFi) long sequences [2] and Oxford Nanopore Technol-
ogy (ONT) ultra-long (UL) sequences provide an opportunity for
solving the problem of repeat assembly and producing totally
complete (also called T2T, short for telomere to telomere) refer-
ence genomes. So far, a few new assemblers have been developed
to take advantage of one or both of them to generate higher-
quality genomes [3–6], and a list of T2T or near-T2T reference
genomes have been built in recent years with these new data and
tools [7–10].

Although these new tools have significantly improved the cor-
rectness and completeness of assemblies compared with the
short read- or traditional long read- based assemblers, the gen-
eration of T2T-level chromosomes still needs a lot of manual
or automatic works of gap filling in repetitive regions which
may cause many mis-assemblies due to the false-positive align-
ments between repeat copies with high similarity. Theoretically,
to detect false-positive alignments, one needs to decide if the

aligned sequences are from the same genomic region or different
regions with similar copies by evaluating the matching of copy-
specific features such as single nucleotide polymorphisms (SNPs)
and structural variations (SVs). Due to the difficulty and high
computational cost of SNP and SV identification and matching
evaluation, the existing alignment tools are not able to take
fully advantage of copy-specific features to remove false-positive
alignments, so that a large part of which still exist in their outputs.

In this paper, we present a novel algorithm called RAfilter
(short for repeat alignment filter) for further removing the false-
positive alignments left in the outputs of existing alignment tools.
Instead of removing the alignments in hard way, RAfilter assigns a
kMAPQ (similar with MAPQ used in minimap2 [11]) score for each
alignment which represents the possibility of false-positive and
the users is able to set an appropriate threshold to remove the
alignments with kMAPQ below it. To achieve this goal, RAfilter
uses rare k-mer (subsequence of length k which appear in whole
genome for small number of times) to represent copy-specific
feature so that different types of variants can be processed in a
unified way. Then the kMAPQ can be calculated by evaluating the
similarity of rare k-mer profiles of aligned sequences including
the order and sequence of rare k-mers. Considering the huge
numbers of rare k-mers in large eukaryotic genomes, a series of
high-performance computing (HPC) techniques such as multi-
threading and bit operation are used in RAfilter to improve the
time and space efficiencies. We tested the performance of RAfilter
in tandem repeats and interspersed repeats on both simulated
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Figure 1. The schematic diagram of RAfilter. The left “Build” panel shows the module that builds the database of k-mer positions; the right “Filter”
panel shows the module that uses the database of k-mer positions to carry out alignment filtering; the whilt rectangles and the brown rounded
rectangles represent the data and operations respectively.

and real datasets, and the experimental results show that it was
able to effectively detect the false-positive alignments.

Experimental results
We tested the accuracy and efficiency of RAfilter on simulated
and real datasets with both PacBio HiFi and ONT reads. The simu-
lated datasets of only repetitive regions were generated from the
human T2T reference genome (chm13 v2.0) which is the existing
most high-quality reference genome containing the complete and
accurate tandem and interspersed repeats in human genome. The
rice genome of J4155S was used to simulate the whole genome
sequencing datasets and generate a real dataset.

Accuracy on tandem repeats
The human T2T reference genome (chm13 v2.0 [7]) was
downloaded from National Center for Biotechnology Information
(NCBI) GenBank accession numbers GCA_009914755.4. We
obtained the sequences in centromere regions in chromosome 1
and 2 from the reference genome according to the corresponding
coordinates shown in their paper respectively, and then generated
the reads separately using a widely-used long-read simulator
PBSIM [13] and its newer version PBSIM2 [14]. The HiFi reads
were generated by PBSIM with command “pbsim -data-type
CCS –depth 30 –sample-fastq”, and the ONT reads were by
PBSIM2 with command “pbsim2 -depth 30 –sample-fastq”. We
aligned the HiFi or ONT reads to the corresponding centromere
sequences by minimap2. which is the most widely-used long
read aligner with parameters “-t 32 -map-pb/map-ont -o”, and
usedRAfilter to filter the false-positive alignments in the output
of minimap2. To build the “ground truth”, we compared the
alignment starting coordinates on reference genome with the
true coordinates provided by read simulators. The HiFi alignments
with the differences between these two coordinates greater than
10 and the ONT alignments with the differences greater than 30
were seen as the false-positive alignments.

Fig. 2 shows that, with HiFi alignments, the precisions achieved
almost 100% while the sensitivities were more than 60% and 80%
on chromosome 1 and 2 respectively, which means RAfilter was

able to detect most of the false-positive alignments without wrong
detections. Although the results on ONT data were worse than
HiFi, the sensitivities and precisions achieved about 50% and 80%
respectively.

Accuracy on interspersed repeats
To generate the simulated dataset on interspersed repeats, we
randomly obtained a sequence of 100 kb from chromosome 17 of
the human T2T reference genome (chm13 v2.0), and inserted
10 copies of it into chromosome 18 of the same reference
genome at random positions as the interspersed repeats. These
positions were recorded for assessment. To generate the copies,
the substitutions and indels were added into the original sequence
in the following way. First, we randomly selected 3% nucleotides
and randomly changed each of them to one of the other
three nucleotides with uniform probabilistic distribution. In
the sequence with substitutions added, 1% nucleotides were
randomly selected and removed. The HiFi and ONT reads
were simulated for the whole modified chromosome 18 by
the same tools with the same parameters as the experiments
on tandem repeats, and were aligned by minimap2 with
parameters “-t 32 -map-pb/map-ont -o”. Also, the “ground
truth” was generated in the same way as tandem repeats.
RAfilter was run on the alignments in the interspersed repeats
(10 copies).

Fig. 3 shows similar results on interspersed repeats as tan-
dem repeats. With HiFi alignments, RAfilter was able to filter
about 90% false-positive alignments without removing correct
ones. With ONT alignments, the precision and sensitivity achieved
about 80% and 50% respectively.

Time and space efficiency
To test the time and space efficiencies of RAfilter, we downloaded
the whole-genome real ONT reads “rel6” of the human chm13
cell line from https://github.com/marbl/CHM13 and aligned the
reads with length longer than 100 kb to the T2T reference genome
(chm13 v2.0) by minimap2 with parameters “-t 32 -map-ont -
o”. For comparison, RAfilter was run with different numbers of
threads such as 8, 16, 32 and 48. The program was run on a server
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Figure 2. Accuracy of RAfilter on tandem repeats. The “threshold” in the figure represents a threshold, the alignments with kMAPQ below which were
filtered. A, B and C are results on chromosome 1, while D, E and F are those on chromosome 2.
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Figure 3. Accuracy of RAfilter on interspersed repeats. The “threshold” in the figure represents a threshold, the alignments with kMAPQ below which
were filtered.

with two EPYC 7H12 CPUs (each with 64 cores and 2.6 GHz) and
1024 GB memory. The usage time and CPU percentage were used
to evaluate the time efficiency and the maximum memory usage
was used to evaluate the space efficiency of RAfilter.

Fig. 4 shows that RAfilter with 48 threads was more than 4
folds faster than the one with 8 threads, and the CPU percentage
increased linearly as the number of threads used. With different
number of threads, the maximum memory usage was almost
same. All these results show the good parallelization performance
of RAfilter.

Whole genome evaluation
To test the performance of RAfilter on whole genome level, we
generated two simulated datasets (HiFi and ONT) of the whole
rice genome J4155S downloaded from the project of PRJCA008812
[15] at the National Genomics Data Center, and aligned the reads
to the reference genome by minimap2. Fig. 5 A, B, C show that
the performance of RAfilter on the whole genome is different
from that on the only-repeat-related datasets. Both precisions
and sensitivities show very high variation with different kMAPQ
thresholds. We also find that the performance on ONT dataset
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with different numbers of thread. C. Maximum memory usage of RAfilter with different numbers of threads.
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Figure 5. Evaluation on the whole genome. A, B, C. Accuracy of RAfilter on whole genome datasets of rice; the “threshold” represents a threshold, the
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is better than that on HiFi dataset, which is different from the
results on only-repeat-related datasets. Although not for sure, we
believe the reason could be related to the proportion of repeat-
related alignments. In the whole genome, the vast majority of
the alignments are not in the repetitive regions, and minimap2
generated much fewer false-positive alignments on HiFi data than

ONT data due to the difference in sequencing error rate. It could
be easier for RAfilter to detect from a much larger set of false-
positive alignments (ONT) than a smaller set (HiFi).

To test the performance of RAfilter on the alignments left
from normal MAPQ (another quality score of alignment) based
filtering, we first filtered them by the MAPQ thresholds 10, 20, 30,
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Table 1. Performance of RAfilter on real rice data.

HiFi ONT

File Size (GB) 51 34
#Reads 1 554 958 204 733
#Alignments 2 199 373 333 641
#Filtered Alignments 443 461 116 738
Filtering Rate 65.4% 86.0%
Running Time (h:m:s) 8:26:29 2:36:52
Maximum Memory (GB) 53 44

40 and 50 respectively, and then do the further filtering by RAfilter
with kMAPQ thresholds 10 and 12 for ONT and HiFi alignments
respectively. The results from Fig. 5 C, D show that only a small
proportion of the false-positive alignments can be removed by
MAPQ based filtering, and increasing the threshold from 10 to 50
did not change much. However, RAfilter was able to remove about
half (or more) more false-positive alignments.

Performance on real rice data
Finally, we tested the performance of RAfilter on a real rice
genome J4155S. The real HiFi and ONT reads and the correspond-
ing reference genome (contigs) were downloaded from CRR453541
and CRR453543 under the project [15] (PRJCA008812). The results
are shown in Table 1. After aligning the 1 554 958 HiFi reads
and 304 733. ONT reads to the reference genome by minimap2,
2 199 373 and 333 641 alignments were obtained. From the outputs
of minimap2, RAfilter filtered 443 461 (HiFi) and 116 738 (ONT)
false-positive alignments respectively with acceptable time and
memory usages. Although there is no “ground truth” for real
dataset to evaluate the accuracy, it is obvious to see that the
numbers of detected false-positive alignments are close to the
differences between number of alignments and number of reads
for both HiFi and ONT data, which proves the correctness of
RAfilter to some extent.

Discussion
We presented RAfilter, a new algorithm for filtering false-positive
alignments in repetitive genomic regions. We found that RAfilter
is able to detect false-positives in both tandem repeats and inter-
spersed repeats with high or acceptable precisions and sensitivi-
ties and high time and space efficiencies. Nevertheless, there are a
number of areas that our methods and approaches can be further
improved. First, due to the high sequencing error rate, a large
proportion of rare k-mers disappear in ONT reads leading to the
lack of usable k-mers in some repetitive regions. Thus, the current
version of RAfilter is not able to work well on these regions. One
possible solution is to take advantage of the rare combinations of
non-rare k-mers. More specifically, a motif that contains two or
more non-rare k-mers may appear in the whole genome for only
one or small number of times, and can be used as a marker in
repetitive regions which is lack of rare k-mers.

Second, when calculating kMAPQ score, current version of
RAfilter only considers the k-mer sequences and k-mer orders.
More information such as k-mer orientations and k-mer distances
can be used in the calculation to improve the accuracy in the
future.

Last but not least, although a series of techniques are used
to improve the time efficiency and space efficiency in RAfilter,
the time and space requirements of large genomes are still not

acceptable on personal computers due to the huge number of rare
k-mers. One possible solution is to use a selected set of rare k-mers
instead of the whole set. In some regions that contain far-more-
than-enough rare k-mers, a sub-sampling strategy can be tried to
reduce the number and thus save the time and space.

Methods
RAfilter is composed of two phases: rare k-mer identification and
positioning, and alignment filtering. In the first phase, the rare k-
mers are identified and positioned on all DNA sequences related.
In the second phase, the k-mer position information is searched
for each alignment and used to decide if the alignment is false-
positive. The input of RAfilter contains a set of alignments and
the related sets of reference sequences and query sequences,
and the output is the same set of alignments with kMAPQ
scores assigned. The pipeline of RAfilter algorithm is illustrated
in Fig. 1.

Rare k-mer identification and positioning
In the first phase, we identify the rare k-mers and position them
on the input reference and query sequences. First of all, we define
rare k-mer formally as the k-mer which appears in the whole
genome for less than or equal to m (e.g. 3) times. Due to the lack
of whole genome sequence, we use the whole set of reference
sequences to replace whole genome, because, in most situations
of genome assembly, the reference sequences are non-redundant
ones such as contigs and scaffolds which contain almost the same
set of k-mers with same frequencies as the real genome. To iden-
tify rare k-mers, Jellyfish [12] v2.3.0 (https://github.com/gmarcais/
Jellyfish) is used to collect all k-mers in reference sequences and
count their appearing and then the ones with counts less than or
equal to m are kept as rare k-mers.

Then we search in the reference and query sequences to find
the positions that the identified rare k-mers appear at. To speed
up this process and save space, RAfilter uses bit operations. First,
the k-mers are converted into Unit64 integers by changing A, T,
C, G to 2-bits 00, 11, 01, 10 respectively (with which the 2-bit of
each nucleotide can be fast calculated through a bitwise NOT
operation on the 2-bit of its complementary nucleotide), and then
the integers are stored in a hash table. Second, for each reference
or query sequence, a sliding window of length k (the k of k-mer)
moves from the 5′ end to 3′ end. At each position, the k-mer in
the window is searched in the hash table of rare k-mers by its
corresponding Unit64 integer to see if any rare k-mer appears at
this position. With bit operation, when moving the sliding window
from one position to next, RAfilter generates the Unit64 integer
of the new k-mer by taking advantage of that of the last k-mer,
instead of the time-consuming recalculation. More specifically,
to generate the new integer, we just need to left-shift the binary
form of the old integer by 2 bits, add the 2 bits corresponding to
the new nucleotide to the end, and mask the first 64–2 k bits. At
each position, besides the k-mer in the window, we also check
its reverse complement k-mer. Similarly, the Unit64 integer of
reverse complement k-mer can be calculated by right-shifting the
binary form with adding and masking. To speed up, this whole
process was implemented with multi-threading technology. Since
the tasks of different sequences are independent, RAfilter assigns
each of them to one thread.

Fast k-mer information searching
After positioning, RAfilter gets a rare k-mer list for each reference
or query sequence with positions, sequences and orientations
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annotated. To decide if one alignment is false-positive or not,
we need to obtain the corresponding rare k-mer sub-list for each
of the two aligned sub-sequences from the rare k-mer position
database built, which is not trivial due to the huge amount of
rare k-mers and sequences in the whole genome. To efficiently
search for a sub-list of rare k-mers with the given sequence ID,
aligning starting position and aligning ending position, RAfilter
uses a series of techniques to speed up and reduce the memory
consumption. First of all, a file index is built for fast obtaining
the rare k-mer information about the given sequence. The list
of k-mers of each sequence is saved in the database file as a
line, and the address of each line starting position is calculated
by counting the total number of bytes in the previous lines. A
hash table (file index) is used to save the mapping from sequence
ID to the corresponding line starting address, so that RAfilter is
able to find this line (the whole list of rare k-mers of the given
sequence) by sequence ID within O [1] time. Next, we consider
obtaining the sub-list of rare k-mers corresponding to the aligned
sub-sequence from the whole list with high time and space effi-
ciency. For reference sequence, RAfilter moves the whole list of
rare k-mers from the file to the memory, and use a binary search
algorithm (O(logn) time complexity) to search for the aligning
starting position and aligning ending position. Since the align-
ments are sorted by the reference ID, one movement of rare k-mer
list to memory solves all the alignments related to the same refer-
ence sequence, which significantly reduce IO times and save the
space. For query sequence, instead of obtaining the sub-list from
the whole list in memory, RAfilter implements the external binary
search algorithm by file operations and directly does it in the file.

kMAPQ calculation
For each alignment, after obtaining the two sub-lists of rare k-
mers corresponding to the two aligned sub-sequences, RAfilter
takes advantage of them to calculate the kMAPQ score which
evaluates the correctness of this alignment. More specifically, we
need to get a value to evaluate the similarity of the two lists of
k-mers. The most straightforward idea is to model this problem
into a theoretical problem in computer science called Longest
Common Subsequence (LCS) which tries to obtain a sequence
from two input sequences which satisfies 1) this sequence is a
sub-sequence of both of the two input sequences; and 2) the
number of elements in this sequence is the largest among all the
sequences satisfying 1). After obtaining the LCS of the two lists of
k-mers, the length of LCS can be used to evaluate their similarity.
However, due to the high time complexity O(n [2]) for obtaining
LCS, the running time is not acceptable for many long alignments
which contains huge numbers of rare k-mers. To speed up, instead
of LCS, we model this practical problem into another theoretical
problem called Longest Increasing Subsequence (LIS) which can
be solved by the algorithm with O(nlogn) time complexity. LIS
problem tries to obtain a sequence from an input digital sequence
which satisfies 1) this sequence is a sub-sequence of the input
sequence; 2) this sequence is an increasing sequence and 3) the
number of elements in this sequence is the largest among all the
sequences satisfying 1) and 2). First of all, RAfilter obtains the
common set of k-mers that appear in both of reference and query
sub-lists. Second, a digital sequence of positions of the common
k-mers in reference is generated and the order of the sequence
depends on the order of common k-mer in query. Third, RAfilter
obtains the LIS of this digital sequence by an algorithm combining
greedy strategy and binary search. Finally, the kMAPQ score can
be calculated by the length of LIS lLIS and the lengths of reference

and query sub-lists lr and lq as follows.

kMAPQ = −10log10

(
lLIS

min
{
lr, lq

}
)

Performance evaluation
In this paper, we used precision and sensitivity to evaluate the
accuracy of RAfilter. TP (True Positive), FP (False Positive) and FN
(False Negative) are defined as follow: TP: the number of false-
positive alignments correctly detected by RAfilter; FP: the num-
ber of correct alignments wrongly detected by RAfilter as false-
positive alignments; FN: the number of false-positive alignments
wrongly detected by RAfilter as correct alignments. With the
definition of TP, FP and FN, we define the precision and sensitivity
as follow.

precision = TP
TP + FP

sensitivity = TP
TP + FN
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