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Abstract

Complete, telomere-to-telomere genome assemblies promise improved analyses and the discovery 

of new variants, but many essential genomic resources remain associated with older reference 

genomes. Thus, there is a need to translate genomic features and read alignments between 

references. Here we describe a new method called levioSAM2 that accounts for reference changes 

and performs fast and accurate lift-over between assemblies using a whole-genome map. In 

addition to enabling the use of multiple references, we demonstrate that aligning reads to a 

high-quality reference (e.g. T2T-CHM13) and lifting to an older reference (e.g. GRCh38) actually 

improves the accuracy of the resulting variant calls on the old reference. By leveraging the quality 

improvements of T2T-CHM13, levioSAM2 reduces small-variant calling errors by 11.4-39.5% 

compared to GRC-based mapping using real Illumina datasets. LevioSAM2 also improves long-

read-based structural variant calling and reduces errors from 3.8-11.8% for a PacBio HiFi dataset. 

Performance is especially improved for a set of complex medically-relevant genes, where the GRC 

references are lower quality. The software is available at https://github.com/milkschen/leviosam2 

under the MIT license.

1 Introduction

A reference genome serves both as a template for mapping reads and a set of coordinates for 

interpreting results. Human reference quality has steadily improved in the last decade, with 
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over 1,000 GRCh37 issues having been resolved in GRCh381, and T2T-CHM13 providing 

a telomere-to-telomere sequence including difficult-to-assemble regions like segmental 

duplications2.

While these improvements can benefit read mapping and downstream analyses1,3,4, 

researchers face obstacles when migrating between references. A new reference’s coordinate 

system is incompatible with annotations expressed in the old coordinates. Such annotations 

might be genotypes5-7, or functional or phenotype annotations8-11. Migrating from GRCh37 

to GRCh38 required years of work12; even today, many groups report that they have no 

plans to switch from GRCh3713.

To facilitate movement between references, tools that “lift” across genomic coordinate 

systems have been proposed14-17. Unfortunately, the lifting process can produce discordant 

results compared to re-analyzing the sequencing reads from scratch. The problem is 

particularly pronounced in regions where the references have copy-number differences or 

assembly artifacts (Figure 1a)12,18-20. While the recently described LiftOff method can lift 

gene annotations with high confidence using re-mapping21, this strategy works only with 

genes and not with other types of annotations such as generic intervals, genotypes, or read 

mappings.

The prior levioSAM software could perform scalable and memory-efficient lift-over of 

mappings, but did not support complex genomic rearrangements such as translocations and 

inversions17. Other methods either cannot lift read mappings14,16 or do not scale for large 

genomic datasets15.

To make the best use of improved reference assemblies and rich annotations, we propose 

levioSAM2 for fast and accurate lift-over of read mappings (Figure 1b). In contrast to 

the more typical strategy of lifting old-reference alignments to a newer reference (old-to-

new), we propose to start by mapping to the most complete and error-free assembly like 

T2T-CHM13, then to use levioSAM2 to lift the mapped reads to an existing annotation-

rich reference like GRCh37 or GRCh38. The first step of levioSAM2 is an efficient lift 

kernel (“levioSAM2-lift”) that translates mapping information into the target coordinates. 

LevioSAM2-lift uses succinct data structures that can update mapped reference name and 

position information in O(1) time and update the CIGAR alignment string in O(r + g) time, 

where r is the number of CIGAR runs and g is the number of overlapping chain gaps of a 

mapping (Figure 1c and Section 4.1).

We further designed a selective strategy, similar to the “reference flow” approach22, to 

handle mappings that are influenced by major differences between source and target 

(Section 4.2). LevioSAM2 classifies lifted reads into three groups. The “suppressed” group 

consists of reads mapped to regions in the source genome with no counterpart in the 

target, e.g. the centromeric sequences in T2T-CHM13 and missing collapsed sequences, to 

avoid false-positive mapping. The “deferred” group consists of reads that can benefit from 

re-mapping, e.g. because they mapped with low mapping quality. The “committed” group, 

which generally contains the majority of the reads, consists of reads belonging to neither of 

the other two groups. Committed reads are mapped with high confidence and are included in 
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the final mapping results (See Section 4.2). LevioSAM2 also collects and reports mappings 

that are unliftable using the coordinate system of the source reference, enabling analysis in 

regions unique to the source (Figure S1).

We evaluated levioSAM2 by lifting mappings from T2T-CHM13 to GRCh37 and GRCh 

coordinates and comparing them to the results obtained by mapping directly to the 

GRC references. We also called small variants using GATK-HaplotypeCaller23 and 

DeepVariant24. We observed that levioSAM2 could reduce small variant errors by 11.4% 

to 39.5% on real Illumina whole-genome-sequencing (WGS) data for HG001, HG002, and 

HG005 in the Genome in a Bottle (GIAB) v4.2.1 regions25. LevioSAM2 yielded larger 

improvements in the GIAB challenging medically relevant genes (CMRG)26, reducing small 

variant errors by 19.4% to 51.3% for HG002. LevioSAM2 also improved mapping of 

real Pacific Biosciences High Fidelity (PacBio HiFi) reads27. Besides achieving improved 

or comparable small-variant calling accuracy, levioSAM2 reduced structural-variant (SV) 

errors by 11.8% compared to GRCh38 in the GIAB CMRG regions26, and reduced SV 

errors by 3.8% compared to GRCh37 in the GRCh37 GIAB Tier 1 benchmark regions28.

2 Results

Lifting from T2T-CHM13 improves short-read mapping to GRC references.

We used simulated reads to compare mapping accuracy between the levioSAM2 workflow 

and a typical single-reference direct mapping method (Section 4.4). We can measure the 

correctness of a read mapping by comparing its mapping position with its true point of 

origin according to the simulator. We simulated 10M paired-end 100-bp Illumina reads using 

mason229. We selected GRCh38 as the “base” reference, where sequences not liftable to 

CHM13 were masked with the N (unknown) symbol during simulation. We also injected the 

SNPs of HG001 during simulation (see Section 4.4 for details). To assess the influence of 

the quality of the reference assembly on the mapping process, we performed the simulation 

using both human chromosome 20 (GRCh38 chr20) and 21 (GRCh38 chr21). Chr21 is 

known to include 771 kbp of false duplications26, whereas chr20 has no known false 

duplications. False duplicates in the reference assembly can “attract” reads from the correct 

point of origin. We mapped the reads using Bowtie 230 and BWA-MEM31, using default 

options for both.

The selective levioSAM2 workflow generated an additional 0.08% of correct mappings 

for chr20 and 1.37% for chr21 versus the direct-to-GRCh38 method (“GRCh38”; Figure 

S2). The fact that levioSAM2 had a more substantial improvement in chr21 reflects its 

ability to recover from the false duplicates in GRCh38. Note that since this simulation is 

based on GRCh38, we are not able to measure whether and how levioSAM2 benefits from 

assembly improvements in places where GRCh38 has assembly gaps, but characterize these 

improvements using real data in the following sections.

LevioSAM2 improves short-read small variant calling.

We next evaluated levioSAM2 using two common short-read small variant calling pipelines, 

BWA-MEM-GATK-HaplotypeCaller23 and BWA-MEM-DeepVariant24 (Section 4.5.1). We 
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used real 30× paired-end Illumina Novaseq whole-genome sequencing (WGS) data 

representing three ancestries (HG001: Utah/European; HG002: Ashkenazi Jewish; HG005: 

Han Chinese)32 (Table 1). All three individuals had high-quality genotypes provided by the 

Genome in a Bottle (GIAB) consortium for both GRCh37 and GRCh3825. The GATK-based 

pipelines that used levioSAM2 to lift reads from T2T-CHM13 to GRCh37 (“CHM13-to-

GRCh37”) reduced mean small variant error compared to a direct-to-GRCh37 pipeline 

by 49,770 errors (39.5%). LevioSAM2 also showed an error reduction when lifting from 

T2T-CHM13 to GRCh38 (“CHM13-to-GRCh38”), avoiding 18,308 (23.9%) small variant 

errors. The overall F1 improved as well (Fig 2a and Table S2). We stratified the calls into 

SNPs and indels and assessed the precision and recall for levioSAM2 and direct-to-GRC 

pipelines (Fig 2b). LevioSAM2 had higher precision and recall for all samples and both 

variant types. For all samples, levioSAM2 reduced the mean false-positive error (indel and 

SNP combined) by 38,981 (52.2%) and 11,551 (24.9%) compared to GRCh37 and GRCh38, 

respectively (Table S2).

LevioSAM2 also improved small variant calling for the BWA-MEM-DeepVariant 

approaches. On average, the levioSAM2 workflows avoided 8,778 errors (16.7%) and 3,443 

errors (11.4%) compared to GRCh37 and GRCh38, respectively (Fig 2c and Table S3). 

In contrast to the GATK-based pipelines, the strongest improvement using DeepVariant 

was for SNP recall, where levioSAM2 reduced mean false-negatives by 8,331 (20.8%) and 

4,603 (22.3%) variants compared to GRCh37 and GRCh38 (Fig 2d and Table S3). The 

discrepancy between the performance of GATK-HaplotypeCaller and DeepVariant could be 

explained by the difference in their underlying models. The neural network model used by 

DeepVariant was capable of learning mapping artifacts and reducing false-positive errors in 

hard-to-map regions (Note S1). The hidden Markov model used by GATK-HaplotypeCaller 

might not have recognized the mapping artifacts, and thus benefited more from the less-

biased mappings generated by levioSAM2.

Both GRCh37 and GRCh38 are known to include false duplications that confound genomic 

analysis in medically relevant regions. We compared levioSAM2, GRCh37, and GRCh38 

for small variant calling performance in the GIAB CMRG regions26 using the HG002 WGS 

data. LevioSAM2-based methods were more accurate for both GATK-HaplotypeCaller and 

DeepVariant pipelines. When using GATK-HaplotypeCaller, the levioSAM2 workflows 

removed 1,514 (45.4%) and 730 (35.2%) variant calling errors compared to GRCh37 

and GRCh38 (Figure 2e and Table S4). When using DeepVariant, levioSAM2 avoided 

306 (19.4%) and 1,010 (20.0%) variant calling errors compared to GRCh37 and GRCh38 

(Figure 2f and Table S5). The levioSAM2 workflows outperformed direct-to-target methods 

for both recall and precision for both variant types. LevioSAM2 had a larger improvement 

in the CMRG regions compared to other regions, again showing that levioSAM2 effectively 

leverages the improved assembly quality of T2T-CHM13 to improve short-read small variant 

calling.

We analyzed the reads mapped by CHM13-to-GRCh38 and called small variants in the 

“unliftable” regions that were unique to T2T-CHM13 using DeepVariant. We called 5,314 

variants that passed the default DeepVariant filter, and 1,635 of them were high-quality 
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(QUAL ≥ 30) (Figure S1). These variants were unique to T2T-CHM13 and could not be 

identified with typical variant calling approaches and GRCh38.

Larger small variant calling improvement in difficult regions.

We investigated differences in small variant calling between levioSAM2 and the GRC 

references using the GIAB difficult region stratifications4,26. These stratify genomic regions 

by features such as low mappability (“LowMap”), extreme GC content (“GC<25or>65”), 

low complexity (“Tandem&Homo”), presence of segmental duplications (“SegDups”), and 

the assembly-artifacts-and-other regions (“OtherDifficult”). The union of these difficult 

regions comprises the “AllDifficult” regions (see Table S6 for region sizes). We considered 

only the variant calls within the GIAB confident regions in the evaluation. We observed that 

levioSAM2 had enriched small variant calling improvements in the LowMap, SegDups, and 

OtherDifficult regions when using GATK-HaplotypeCaller. In these regions, levioSAM2 had 

a 47.7%–48.0% and a 27.5%–42.4% reduction in error rate compared to direct-to-GRCh37 

and direct-to-GRCh38 respectively. The union of all difficult regions also showed improved 

small variant calling performance (Figure 3a and Table S7). When using DeepVariant, the 

most pronounced improvement was in LowMap regions, where levioSAM2 reduced errors 

by 15.7%–22.3% (Figure S5a and Table S8).

We further analyzed higher-resolution GIAB difficult region strata and ranked them by 

density of small variant calling error reduction (Figure 3b and Figure S5b). We observed that 

levioSAM2 reduced errors most in regions with likely reference artifacts (“hs37d5Decoy” 

and “ChainSelf”, both are subsets of “OtherDifficult”), avoiding up to 971 errors per Mbp 

compared to direct-to-GRC approaches. Other strata strongly improved by levioSAM2 

included regions with large segmental duplications (“SegDups>10kb”), and low-mappability 

regions comprised of non-unique 250-mers (“NonUnique250bp”) and non-unique 100-mers 

(“NonUnique100bp”). There were no stratified regions that reported an increased error 

density of greater than 1/Mbp by levioSAM2 using either GATK-HaplotypeCaller or 

DeepVariant.

Improved variant calling using PacBio-HiFi long reads.

LevioSAM2 supports lifting alignments spanning chain gaps (Figure 1c), making it suitable 

for long reads, such as PacBio HiFi reads27. We designed a workflow for long reads 

supporting both minimap233 and Winnowmap234 (Section 4.2). We mapped a real 28× 

PacBio-HiFi WGS dataset from HG00235 to T2T-CHM13 and used levioSAM2 to generate 

GRC-based mappings. We called small variants using DeepVariant and assessed the calls 

with the GIAB v4.2.1 truth set. CHM13-to-GRCh37 removed 10,435 small variant errors 

(9.7%) compared to direct-to-GRCh37. CHM13-to-GRCh38 performed comparably to 

GRCh38, with 673 (0.8%) more errors (Figure 4a and Table S9). The levioSAM2 workflow 

generated more accurate small variant calls in the GIAB CMRG regions, where CHM13-to-

GRCh37 avoided 30 (1.7%) errors and CHM13-to-GRCh38 removed 337 (22.5%) errors 

compared to their direct-to-GRC counterparts (Figure 4b and Table S10).

Using the same PacBio-HiFi dataset, we called structural variants (SVs) using Sniffles236 

and analyzed the results using truvari37 (Section 4.5.2). We evaluated the SV calls using 
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the GIAB Tier 1 benchmark regions for GRCh3728 and the GIAB CMRG benchmark for 

GRCh3826. Note that there is not a genome-wide SV benchmark for each of the references. 

CHM13-to-GRCh37 removed 44 (5.7%) false-positive SV errors (FPs) compared to direct-

to-GRCh37 (Figure 4c and Table S11). Most FPs were shared between both methods, 

and the majority of these were insertions enriched in low-complexity regions. Many of 

the resolved FPs associated with regions having a many-to-1 mapping from donor to 

target, or “mapping collapse” (Figure 6b). While CHM13-to-GRCh37 resulted in 4 more 

false-negative SV errors (FNs) compared to direct-to-GRCh37 using the GIAB Tier 1 SV 

calls, we observed examples where the GIAB calls did not agree with haplotype-resolved 

assemblies for the same individual38 (Figures S6 and S7). We visually inspected these 

examples and observed evidence of mapping collapse including abnormal coverage and 

loci with more than two haplotypes, suggesting improved mapping and reduced SV FNs 

by levioSAM2. Compared to direct-to-GRCh38 in the GIAB CMRG regions, CHM13-to-

GRCh38 removed 2 (11.8%) SV calling errors. Both were false deletions in the KMT2C 
gene (Figure 4d and Table S12).

LevioSAM2 reduces large-scale mapping artifacts.

LevioSAM2 can resolve or reduce large-scale mapping artifacts compared to direct-to-GRC 

pipelines. We first examined the small variant calls using the real 30× HG002 short read 

dataset. In the medically relevant gene KMT2C, we observed high-density mapping errors 

which had been reported by the GIAB CMRG study26. The errors were due to 15-kbp 

sequences in KMT2C in HG002 but collapsed in GRCh37. Therefore, sequences from 

both regions mapped to KMT2C, resulting in an abnormally high mapping depth (up 

to 296×) and a high alternate allele density within KMT2C. The missing homolog was 

assembled in T2T-CHM13 and marked as a suppressed region by the levioSAM2 annotation 

workflow. Mapping to T2T-CHM13 correctly placed the reads in the appropriate locus and 

the levioSAM2 workflow resolved most mapping errors in this region (Figure 5a). We also 

observed that DeepVariant reported a low number of variants in this region using GRCh37, 

even when the variant allele frequencies were as high as 0.8. We reasoned that DeepVariant 

learned this signature of mapping artifacts and suppressed variants in its model (Figure S8 

and Note S1).

We then analyzed mappings of the HG002 PacBio-HiFi long read dataset and observed 

similar large-scale mapping improvements by levioSAM2. Similar to the short-read example 

in gene KMT2C, we observed a high density of alternate alleles in a 56-kbp region which 

overlapped with another medically relevant gene, MAP2K339. We showed that CHM13-to-

GRCh37 significantly reduced mapping depth and alternate allele density in this region, 

suggesting improved mapping. When assessed with the GIAB Tier 1 benchmark for SVs, 

CHM13-to-GRCh37 avoided a false structural deletion (8.2 kbp) (Figure 5b).

LevioSAM2 is computationally efficient.

LevioSAM2-lift’s bitvector-based algorithm is fast and memory-efficient (Figure 6a). 

Compared to CrossMap15, levioSAM2-lift used 20.1% of the wall-clock time and 19.9% 

the peak memory (64.3 MB vs. 341.9 MB) when run on a single thread. Unlike CrossMap, 

levioSAM2-lift supports multi-thread processing and used only 7.3% wall time and 19.4% 
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of the memory (66.4 MB vs. 341.9 MB) when using 4 threads (see Figure S4 for thread 

scaling). LevioSAM2-lift was able to replicate the results of CrossMap, but includes several 

additional features that are important in practice. For instance, levioSAM2 can lift mappings 

spanning chain-file gaps and can update CIGAR-string information in the output mappings, 

enabling lifting of long-read mappings. Further, levioSAM2-lift can optionally update edit 

distance (NM:i) and mismatch encoding alignment string (MD :z).

The full levioSAM2 workflow (excluding the initial mapping step to T2T-CHM13) was also 

faster than a standard approach that simply maps all the 30× Illumina paired-end WGS 

reads for HG002 to the target reference (Figure 6b). We compared the CPU time used by 

BWA-MEM31 when aligning directly to the target and by the samtools sort command40,41 

to the corresponding levioSAM2 run. For a 30× real WGS dataset initially mapped to 

T2T-CHM13, the levioSAM2 workflows took 36.9 CPU hours for CHM13-to-GRCh37 

and 47.6 CPU hours for CHM13-to-GRCh38. Compared to directly mapping to the target 

genome, the CHM13-to-GRCh37 method took 49.8% of the time (74.1 hours) and the 

CHM13-to-GRCh38 method took 55.4% of the time (86.3 hours). While other stages in the 

levioSAM2 workflow used more memory compared to levioSAM2-lift, they didn’t use more 

than 35 GB memory (Note S2 and Figure S3).

3 Discussion

LevioSAM2 lifts mappings from a source reference to a target reference while selectively 

remapping the subset of reads for which lifting is not appropriate. LevioSAM2 uses efficient 

succinct data structures and is much more efficient than existing tools. While it is common 

to lift post-read-mapping results like variant calls between references14,15, these translations 

can be inaccurate due to large-scale differences between references12,18-20. Starting from a 

BAM file mapped to T2T-CHM13, levioSAM2 generated GRC-based mappings 44.7-50.2% 

faster than a method which remapped all the reads. Mapping and genotyping results after 

using levioSAM2 were more accurate than those obtained using a single reference in both 

simulated and real-data scenarios. Since levioSAM2 uses linear references, its results are 

readily interpretable using common tools like the Integrative Genomics Viewer (IGV)42.

The small-variant calling improvements by levioSAM2 were enriched in difficult regions 

with presence of low-mappability units, segmental duplications, and assembly artifacts. 

These regions include the challenging medically relevant genes (CMRG), where accurate 

variant calling is known to be difficult. LevioSAM2 also improved long read mapping, 

demonstrated by more accurate small- and structural-variant calling. Notably, levioSAM2 

resolved most mapping errors in a 15-kbp region in the KMT2C gene and a 56-kbp region in 

the MAP2K3 gene in GRCh37.

As the need to move alignments between assemblies becomes more common, it will be 

important to improve whole-genome alignment maps between those references. While the 

UCSC “lift over construction” recipe14,43 has become a standard approach, more work is 

needed to assess the quality of the resulting chain files44. For example, sequences with 

multiple copies are challenging to accurately place, and some chain files do not guarantee 

1-to-1 mapping between the source and target references. While the levioSAM2 framework 
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tolerates errors in a chain-file alignment, we expect improved whole-genome maps to further 

enhance the accuracy and computational performance of levioSAM2.

LevioSAM2’s decisions on whether to commit, defer or suppress a read mapping rely 

on relatively simple heuristics. We have shown these are effective in reducing the overall 

number of needed realignments. Nevertheless, we expect that levioSAM2’s accuracy can be 

further improved by making these decisions more data- and model-driven, perhaps using 

properties of the input such as the read length, assay type, or data quality.

The future may see a shift toward more sophisticated pangenome representations, e.g. made 

up of high-quality population-scale genome assemblies35,45. We expect that accurate and 

efficient lift-over methods like levioSAM2 will be useful in these contexts as well. While 

construction of a pangenome graph can require use of expensive multiple- or progressive-

alignment algorithms, the levioSAM2 approach can be applied to any pair of genomes with 

a whole-genome alignment to each other (in the form of a chain file).

Rapid progress in genome assembly and sequencing is making hundreds of high-quality 

reference assemblies available35. These assemblies provide demonstrated improvements 

for short and long-read variant calling2,4. However, a rich set of annotations, key for 

interpretation, are built on previous references and difficult or impossible to translate to 

every new assembly. LevioSAM2 enables analyses that have the best of both worlds by 

improving mapping for the original reference without losing all its secondary information 

while also providing mappings for novel genomic discovery in regions unique to the new 

reference.

4 Methods

4.1 Efficient lift-over using succinct data structures

A chain file describes a pairwise whole-genome alignment14. It consists of many “chains”, 

each a set of co-linear alignments between the source and the target reference. An alignment 

is further split into an interleaved sequence of aligned segments and gaps. An aligned 

segment can include matches and mismatches but not gaps. A gap can appear in one of the 

references or both. Each line in a chain specifies one aligned segment and up to two gaps 

(Figure 1c: bottom).

LevioSAM2 first sorts the aligned segments by position and stores them in a chain interval 

array. Each chain interval records information useful for lifting, including target contig, 

strand, and offset. The offset is represented as the difference between source position and 

target position.

To enable queries against the chain interval array, levioSAM2 builds a pair genome-length 

of succinct bit vectors (“BV”) (Fig. 1c: top). It uses the start_bv bit vector to encode 

starting positions of all chain intervals and uses the end_bv vector for ending positions. 

Both bit vectors are supplemented with data structures enabling constant-time rank queries, 

as provided by the SDSL library46. The levioSAM2 implementation further wraps these bit 

vectors and arrays in an unordered map, with source contigs as keys to the map.
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When querying a position, levioSAM2 first locates the index of the corresponding chain 

interval by performing a rank query over both start_bv and end_bv. A rank query 

computes the number of set bits (bits equal to 1) prior to the queried position. If a position 

p is within a chain interval, it must be that rankstart_bv(p) − rankend_bv(p) = 1. For a position 

outside of any chain interval, levioSAM2 checks the distance between the position and its 

neighbor chain interval boundary. If the distance is under a user-defined threshold, the query 

is assigned to the neighbor. LevioSAM2 queries the chain interval array using the index and 

updates the contig, strand and position information. Since it is dominated by the rank query, 

this is a constant-time algorithm (O(1)), which is faster than the commonly-used interval 

tree-based algorithms14,15, which can use O(log(m)) time m is the number of intervals.

It is necessary to update the CIGAR information of an alignment when it overlaps a chain 

gap. This kind of CIGAR update is not performed by CrossMap15. While levioSAM does 

perform such an update17, this takes O(n) time where n is the length of a read. Here we 

describe a new algorithm (Alg. 1) to update the CIGAR string. The algorithm maintains a 

list of chain gaps, and updates the chain gaps into the CIGAR string. Since the algorithm 

only traverses through the CIGAR string and gaps collection once, its time complexity is 

O(r + g), where r is the number of runs in the original CIGAR and g is the number of 

overlapped chain gaps in the alignment. Usually r and g are much smaller than the read 

length n, so the proposed algorithm is substantially faster than levioSAM’s.

While levioSAM2 can lift over mappings spanning gaps in a chain file and update the 

CIGAR strings accordingly, the resulting mapping does not always align optimally after 

lift-over. That is, a slightly different decision about how to arrange gaps and mismatches 

might be more optimal. To achieve optimal alignment, levioSAM2 includes an optional 

realignment module that uses a localized dynamic-programming algorithm to refine the 

alignment. Note that we use the term “mapping” for the task of determining where the 

read camp from, and the term “alignment” for the more detailed task of lining individual 

read bases up with reference bases. We use the ksw2 library47 for efficient dynamic-

programming-based realignments. We support parameter presets in the YAML format48 for 

popular aligners including Bowtie 2, BWA MEM, and minimap2. LevioSAM2 uses the data 

structures provided by htslib49 to process SAM and BAM files.

4.2 LevioSAM2 workflow with selective re-mapping

To improve mappings in the presence of large-scale differences between source and target 

references, levioSAM2 uses a selective re-mapping strategy. Reads that can be lifted with 

high confidence are “committed” and the lifted alignment is taken as the final alignment. 

Reads belonging to a region that is specific to the source reference are “suppressed” and left 

unaligned with respect to the target reference. Reads for which the lift is lower-confidence 

are “deferred” and are re-mapped to the target reference (Fig. 1b; Section 4.2.1). For paired-

end reads, we use the “levioSAM2-collate” step to ensure deferred reads are re-mapped as a 

pair (Section 4.2.2). After re-mapping, “levioSAM2-reconcile” compares the re-mapped and 

lifted mappings for each deferred read and selects the one with higher confidence (Section 

4.2.3). Committed and reconciled mappings are combined in the final output.
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4.2.1 Selective strategy—To determine if a given read should be committed, 

levioSAM2 examines a combination of the read’s alignment features and the reference 

genome’s “liftability” annotation. Alignment features include mapping status (mapped or 

not), mapping quality, fraction of clipped bases, edit distance (the NM:i tag), alignment score 

(the AS :i tag), and fragment length (if part of a pair). For BWA-MEM (local alignment), 

we used a MAPQ cutoff of 30 or an alignment score cutoff of 100; for Bowtie 2 (end-to-end 

alignment), we used a MAPQ cutoff of 10 or an alignment score cutoff of −10.

Algorithm 1: UpdateCigar

The genomic liftability annotation is a BED file marking some regions as “unliftable” 

and some as “mappability-reduced.” The annotation is generated ahead of the lift-over 
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process and is indexed using interval trees for fast queries. The “unliftable” annotation is 

given to regions that are unique to the source reference, like T2T-CHM13’s centromeric 

regions, which have no counterpart in GRCh38. Reads mapping to these regions are 

suppressed in order to avoid false re-mappings. Suppression tends to improve computational 

performance as well, since suppressed reads often come from repetitive regions and require 

a disproportionate amount of alignment effort. To determine which regions are unliftable, we 

first extract sequences from the source reference that are not in the chain file and are longer 

than 5000 bps. We then align the sequences to the target reference using Winnowmap234 and 

label either unmapped or repetitive (mapping to multiple loci in target) regions as unliftable.

LevioSAM2 also looks for “mappability-reduced” regions in the source to gauge confidence 

in lifted mappings. Mappability-reduced regions have high mappability in the source 

reference but lower mappability after being mapped to the target. To build the mappability-

reduced annotations, we use GenMap250 to calculate mappability for both source and 

target references (using 100-mers and a 0.01 mismatch-rate tolerance). We extract uniquely 

mappable regions in the source reference and lift them to the target. We then overlap these 

lifted unique regions with the low-mappability regions in the target. Reads lifted to these 

regions are deferred and re-mapped.

4.2.2 Collate—For paired-end reads, the selective strategy can result in cases where the 

paired ends are assigned to different groups. Re-mapping accuracy for single-end reads is 

usually lower than for paired-end reads, especially when the reads overlap indels. Thus, 

we develop the “levioSAM2-collate” method to additionally defer the mate of the deferred 

singletons, generating properly paired deferred read sets.

LevioSAM2-collate starts by reading the deferred alignments and storing the first and the 

second segments separately in a pair of hash maps51. For a properly-paired read (i.e. with 

both ends in the deferred group), we write both ends to a paired-deferred BAM file and 

remove them from the hash tables. Once all deferred alignments have been processed, 

any paired ends remaining in the hash maps are singletons. We then read the committed 

alignments and extract the reads which pair with the deferred singletons.

4.2.3 Reconciling—Motivated by the “reference flow” mapping strategy22, we designed 

a “levioSAM2-reconcile” method to improve accuracy. LevioSAM2-reconcile compares the 

lifted and re-mapped deferred mappings, selecting the one which has higher confidence. The 

process starts with sorting both deferred BAM files by query name. We select the mapping 

with lower edit distance with respect to the target reference. Ties are broken by taking the 

mapping with higher mapping quality, or by making a random choice if they are still tied. 

By reconciling and selecting the alignment in this way, levioSAM2 can better leverage the 

genetic diversity provided by the additional reference.

4.3 Generating chain files

We used nf-LO43 with the minimap2 mode to build the chain files for both CHM13-to-

GRCh37 and CHM13-to-GRCh38:
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nextflow run main.nf --source source.fa --target target.fa \

    --outdir out_dir -profile local --aligner minimap2

4.4 Evaluation using simulated sequencing datasets

We used the GRCh38-based SNPs for NA12878/HG001 from the 1000 Genomes Project 

(1KGP)12 to build personalized chromosome 20 and 21 references for simulation. We 

masked the regions that could not lift to T2T-CHM13 using bedtools-maskfasta52. We 

used the mason simulator29 to simulate 10M 100-bp paired-end reads (5M pairs) for both 

chromosomes:

mason_simulator --num-threads 16 -ir ref.fa -n 5000000 \

    -o out-R1.fq -or out-R2.fq -oa out.sam -iv sample.vcf

We mapped the reads using both unmasked GRCh38 and CHM13-to-GRCh38 using default 

parameters for both Bowtie 230 and BWA-MEM31. We compared mappings from the 

direct-to-GRCh38 and CHM13-to-GRCh38 strategies by measuring the fraction of correct 

mappings, where a mapping was considered correct if its leftmost mapped position (the first 

un-clipped base) was within 10-bp of that of its simulated origin.

4.5 Evaluation using real sequencing datasets

4.5.1 Small variant calling and evaluation—We evaluated three real 30× coverage 

datasets sequenced using Illumina Novaseq and a PCR-free protocol. We also evaluated a 

dataset sequenced with PacBio-HiFi with 28× coverage (Table 1). The samples were from 

distinct ancestries, including Utah/European (HG001), Ashkenazi Jewish (HG002), and Han 

Chinese (HG005).

For the Illumina datasets, we mapped the reads to GRCh37, GRCh38, and T2T-CHM13 

using BWA-MEM31 with default parameters and sorted by genomic positions using 

samtools41. We used the levioSAM2 workflow to lift the reads mapped to T2T-CHM13 

to GRC references and generated CHM13-to-GRCh37 and CHM13-to-GRCh38 mappings. 

We then called small variants using GATK HaplotypeCaller23 and DeepVariant (the “WGS” 

model)24 for GRCh37, GRCh38, CHM13-to-GRCh37, and CHM13-to-GRCh38. For the 

PacBio-HiFi dataset, we followed similar procedures, except we used minimap233 as the 

read mapper and called small variants using the haplotype-sorting DeepVariant pipeline with 

the “PACBIO” model53,54.

For both sequencing data types, we evaluated the accuracy of small variants using hap.py55 

and the Genome in a Bottle (GIAB) v4.2.125 and the GIAB Challenging Medically Relevant 

Gene (CMRG) benchmark26 truth sets. Hap.py reports small variant calling accuracy 

measures stratified by variant type. We sometimes reported the overall (SNP and indel) 

F1 of one dataset for simplicity. We did so by adding the true positives (TP), false 

positives (FP), and false negatives (FN) for SNPs and indels, then calculating overall F1
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with 2 ⋅ TP ∕ (TP + 0.5(FP + FN)). Similarly, for the F1 of multiple datasets, we summed the 

measures for all datasets and calculated the F1.

4.5.2 Structural variant calling and evaluation—We called structural variants (SV) 

for the PacBio-HiFi HG002 dataset using Sniffles2 v2.0.136. We used the “germline SV 

calling” mode with default parameters, without providing any tandem repeat annotations. 

We next compressed the VCF files for each dataset using bgzip and indexed them with 

tabix49. Finally, we benchmarked and compared the SV calls using the GIAB Tier 1 

benchmark regions for GRCh3728 and the GIAB CMRG benchmark for GRCh3826 using 

truvari 2.137 and following the GIAB benchmarking instructions.

sniffles2.0.1.py \

    --input sample.bam \

    --vcf sample.vcf \

    --threads 8 \

    --output-rnames \

    --sample-id sample_id

truvari-v2.1 bench \

    --base grch37-HG002_SVs_Tier1_v0.6.vcf.gz \

    --comp sample.vcf.gz \

    --output sample_id-GIABv0.6 \

    --passonly \

    --includebed grch37-HG002_SVs_Tier1_v0.6.bed \

    --refdist 2000 \

    --reference grch37.fasta \

    --giabreport

truvari-v2.1 bench \

    --base HG002_GRCh38_difficult_medical_gene_SV_benchmark_v0.01.vcf.gz \

    --comp sample.vcf.gz \

    --output sample_id-vs-GRCh38_SV_v0.01.03 \

    --multimatch \

    --passonly \

    --refdist 2000 \

    --includebed HG002_GRCh38_difficult_medical_gene_SV_benchmark_v0.01.bed \

    --reference grch38.fa

4.6 Computational efficiency measurement

The computing nodes we used were Intel Cascade Lake 6248R with 48 cores per node and 

192 GB of memory. We requested 36 cores for all experiments except for the thread scaling 

experiments. We used GNU Time56 to measure CPU time (“User time” + “System time”), 

wall clock time (“Elapsed (wall clock) time”) and peak memory usage (“Maximum resident 

set size”).
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Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1: Overview of levioSAM2.
a, Common assembly errors in legacy reference genomes include false duplications (FD), 

false collapses (FC), and local errors (LE). b, The levioSAM2 workflow; A chain file 

provides information to lift mappings. Mappings which cannot be confidently lifted are 

deferred and re-mapped. The final output is a set of mappings to the target reference after 

reconciling the deferred and committed mappings. Reads originating in duplications and 

local errors can benefit from the “commit” and “defer–reconcile” strategies, where mappings 

to the source are considered. False collapses can be resolved by the “suppress” strategy, 

which avoids spurious alignments in the collapsed reference by only including mappings 

from a single orthologous copy. c, LevioSAM2-lift uses a pair of succinct bit vector data 

structures to efficiently query chain segments. LevioSAM2 lifts aligned reads from source 

reference to target reference using a chain file and updates the alignment CIGAR. Blue, 

yellow, and green arrows represent chain segments. Red lines represent mapped sequences. 

The purple triangle represents a 2-bp insertion in the source reference which requires a 

CIGAR update.
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Figure 2: Small variant calling performance.
a, b, Variant calling accuracy using GATK-HaplotypeCaller for all GIAB v4.2.1 regions (a: 

F1; b: recall and precision). c, d, Variant calling accuracy using DeepVariant for all GIAB 

v4.2.1 regions (c: F1; d: recall and precision). e, Accuracy for challenging medically relevant 

genes (CMRG) for HG002 using GATK-HaplotypeCaller. f, Accuracy for challenging 

medically relevant genes (CMRG) for HG002 using DeepVariant.
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Figure 3: Small variant calling performance in difficult regions.
a, Small variant calling accuracy in major difficult genomic regions for HG002. We 

excluded difficult regions with low complexity or extreme GC content in the plot because 

all methods perform similarly. b, GIAB stratified regions with top small variant calling error 

reduction densities by levioSAM2. Small variants in both plots were called using using 

GATK-HaplotypeCaller.
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Figure 4: Small and structural variant calling using PacBio-HiFi reads from HG002.
a, b, Small variant calling using minimap2–DeepVariant in a GIAB v4.2.1 regions and b 
GIAB CMRG regions. c, Structural variant calling in GRCh37 GIAB Tier 1 benchmark 

regions. d, Structural variant calling in GRCh38 CMRG regions.

Chen et al. Page 21

Nat Methods. Author manuscript; available in PMC 2024 December 02.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 5: LevioSAM2 resolved large-scale mapping errors in medically relevant genes.
a, Mapping short reads to gene KMT2C. b, Mapping PacBio HiFi long reads to gene 

MAP2K3. The “GRCh37” track in both plots a and b show high mapping depth and high 

density of alternate alleles (bars with non-gray colors), suggesting collapsed mapping.
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Figure 6: LevioSAM2 is computationally efficient and accurate when lifting from T2T-CHM13 
compared to a direct mapping pipeline.
a, Computational efficiency of methods that support lift-over of alignments for a 0.3× 

paired-end WGS dataset. Numbers in parentheses show the number of threads used. b, 

CPU time usage of mapping using BWA-MEM vs. lifting over using levioSAM2 for a 30× 

paired-end WGS dataset. In the lift-over tasks, mapping to T2T-CHM13 was not included in 

the runtime measurement.
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Table 1:

Real sequencing datasets and truth sets we used for evaluation. The Illumina data are from Google Health32 

and the PacBio data are from the Human Pangenome Reference Consortium35

Sample Sequencing platform Variant type Truth variants Coordinates

HG001 30× Illumina Novaseq Small GIAB v4.2.125 GRCh37, GRCh38

HG002 30× Illumina Novaseq Small GIAB v4.2.125 GRCh37, GRCh38

HG002 30× Illumina Novaseq Small GIAB CMRG26 GRCh37, GRCh38

HG002 28× PacBio HiFi Small GIAB v4.2.125 GRCh37, GRCh38

HG002 28× PacBio HiFi Small GIAB CMRG26 GRCh37, GRCh38

HG002 28× PacBio HiFi SV GIAB SV Tier 128 GRCh37

HG002 28× PacBio HiFi SV GIAB CMRG26 GRCh38

HG005 30× Illumina Novaseq Small GIAB v4.2.125 GRCh37, GRCh38
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