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Background
For diploid organisms such as humans, all autosomes (nonsex chromosomes) have their 
corresponding homologous chromosomes. The variation between homologous chromo-
somes are minimal (approximately 99% of the base pairs being identical). These variant 
sites across the genome contribute to the genetic diversity among human individuals. 
Single nucleotide polymorphisms (SNPs) refer to the variation of a single nucleotide in 
the genome, and they are the most common form of genetic variation. SNPs can occur 
at any position in the genome and are widely present in the human genome. Haplotype, 
short for haploid genotype, refers to a specific set of genotypes composed of alleles from 
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multiple SNP loci located on the same chromosome. The process of reconstructing the 
two alleles of an SNP to their respective haplotype is called phasing. The acquisition of 
haplotypes helps in studying the correlation of human genetic variations and in assessing 
the risk of genetic diseases [1, 2]. By analysing the distribution, frequency and the length 
of haplotypes, the genetic structure and the evolutionary history of human populations 
can be revealed. Established initiatives such as the 1000 Genomes Project aim to unravel 
variations and diversity in the human genome [3], including SNPs and structural vari-
ations. Additionally, there are reference genomes generated for different populations, 
which can be utilized for downstream data analysis purposes [4].

Due to the limitations of current sequencing technologies, genome sequencing gen-
erally does not distinguish between haplotypes. For example, in Nanopore sequencing 
technology [5], all DNA is directly processed, such as through specific enzymatic cleav-
age, to obtain DNA molecules suitable for Nanopore sequencing. These DNA fragments 
are then sequenced by using a Nanopore sequencer, resulting in sequencing data that 
contain a mixture of DNA sequences from all homologous chromosomes.

Therefore, to obtain phased results of target haplotypes with lower financial and time 
costs, the method based on alignment for obtaining haplotypes has become mainstream. 
The accurate assignment of the two alleles of SNP loci to their corresponding haplotypes 
in polynomial time is currently a major challenge.

For current long read sequencing technologies, such as Nanopore and PacBio 
sequencing, in the generated sequencing data, the bases within the same read can be 
determined to originate from the same chromosome [6–9]. Therefore, the alleles of SNP 
loci contained within that read can be assigned to the same haplotype. Therefore, in an 
ideal scenario, despite the limited number of SNP loci contained in each read and the 
limited phase information between obtained SNP loci, it is still possible to link all the 
alleles together rapidly and effectively by extending the overlaps between different reads. 
However, in actual sequencing processes, not all bases in each read are accurate. Due to 
the limitations of sequencing technologies, there are still significant sequencing errors 
present in the reads. The sequencing error rate for short reads usually are approximately 
0.1% [10]. The sequencing error rate of Nanopore Long reads and Pacbio Long reads 
are approximately 10–25% [11, 12]. However, the sequencing error rate of Pacbio HiFi 
read is approximately 1% [12]. These sequencing errors make the process of obtaining 
SNP phasing an NP-hard problem [13]. Therefore, addressing the impact of sequencing 
errors on the phasing process has become a primary challenge that must be resolved.

Current read-based SNP phasing methods can be broadly classified into three cate-
gories [14]. First is the method based on minimum error correction (MEC). MEC is a 
commonly used objective function optimization method that selects the optimal SNP 
phasing results by minimizing the number of error corrections. Representative meth-
ods include SCGDhap [15], Poly-Harsh [16], HapTree [17], GTIHR [18], and SDhaP [19]. 
This method is effective in handling polyploid genome phasing problems, but it heavily 
relies on read quality, and in genomes with low heterozygosity, the limited phase infor-
mation due to a small number of SNP loci leads to a significant decrease in predictive 
accuracy. Second is the method based on group division. This method represents the 
two alleles of reads or SNP loci as vertices in a graph, where edges represent the similar-
ity between two vertices. The graph is then partitioned into k subsets based on genome 
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ploidy. Representative methods, such as WhatsHap [20], Hap10 [21] and ComHapDet 
[22], are known for their fast speed and high accuracy. HapCUT2 [23] is a SNP phas-
ing tool based on the maximum likelihood method. It has good adaptability to different 
sequencing technologies or protocols, making it a powerful tool for studying complex 
genomic variations and disease associations. However, due to the requirement of reads 
containing more SNP information, these methods are mostly applicable when using 
long reads for phasing. Third is the method based on clustering. These methods gener-
ally cluster reads or SNPs, which are adjacent in genomic location, together into sets 
using various algorithms. They calculate the consensus for each set and then perform 
clustering again, forming consensus based on the genome ploidy. For example, H-Pop 
represents reads as a matrix and partitions the matrix to form haplotypes [24]. Phase-
book selects reads with the most overlaps as seed reads and assigns similar reads to the 
same cluster [25]. This process is repeated iteratively by using the consensus of the final 
partitioned set as the output. LongPhase extends phase information between adjacent 
SNP loci to the entire haplotype level [26]. These methods effectively utilize various clus-
tering approaches to generate haplotype outputs. Unlike graph partitioning methods, 
they do not construct a graph but perform clustering by iteratively increasing the size 
of the sets. Despite the existence of numerous phasing methods, the accuracy of phas-
ing results remains limited by the constraints of sequencing technologies. Short-read 
sequencing offers high accuracy but suffers from limited read length and coverage of 
SNP information. Long read sequencing provides longer reads at a lower cost but with 
higher error rates. PacBio HiFi sequencing combines the advantages of both short reads 
and long reads. However, its high cost limits its application. The primary goal in current 
SNP phasing methods remains achieving low-cost, high-quality, and widely applicable 
phasing solutions.

If the impact of a high long-read error rate can be overcome, this goal can be achieved. 
The group division algorithm with high fault tolerance can effectively address this issue, 
as the neighbouring vertices of each vertex can serve as a basis for phasing that vertex, 
allowing individual point errors to be accommodated by the remaining vertices. How-
ever, the group division algorithm has the drawback of local optima. Therefore, after 
using the group division algorithm for phasing, additional error correction steps are still 
needed to improve accuracy.

In this paper, we present a method called GCphase that can phase SNPs more accu-
rately. In the experiments, GCphase achieves the lowest error rate compared to that of 
other methods at different sequencing depths. It can control the error rate to approxi-
mately 0.015% and can even achieve an error rate of 0 on certain chromosomes.

Methods
The algorithm flow of GCphase can be roughly divided into six steps (Fig. 1): (i) Data 
Preprocessing. GCphase preprocesses the input VCF and BAM files to transform them 
into a format suitable for the algorithm, facilitating subsequent computations. (ii) Select-
ing SNPs and long reads. GCphase filters the obtained SNPs and reads, removing ambig-
uous SNPs and reads that do not cover any SNP site. (iii) Constructing the graph. The 
alleles of SNP loci are represented as vertices of an undirected graph, and the reads sup-
porting two alleles are constructed as edges. (iv) Partitioning Graph. GCphase divides 
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the graph into two sets as disjoint as possible by utilizing the minimum-cut algorithm 
on the graph. (v) Correcting Errors. GCphase employs two error correction steps to 
improve the accuracy of phasing results. (vi) Producing haplotype blocks. GCphase out-
puts each maximal connected component in the undirected graph as a haplotype block. 
Now, let us delve into the specific phasing process.

Data preprocessing

GCphase (version 1.0) utilizes minimap2 to align long reads to the reference genome. 
The resulting alignment in SAM format was then converted to BAM format by using 
samtools [27, 28]. The sorted and indexed BAM file serves as the input of GCphase and 
uses pysam to extract information from bam files [29]. The SNP location and its cor-
responding allele are provided as input in the form of a variant call format (VCF) file, 
which is a standard format for storing genetic variations.

The long reads with optimal alignment are retained, and others are filtered. For a given 
long read, GCphase first identifies all the SNP loci it contains. The i-th SNP in the long 
read is represented as a two-tuple mi = (vi, k). vi is the SNP identity, k is a binary value, 
and when k = 0, it means that the base in the long read is the same as the major allele; 
when k = 1, it means that the base is the same as the minor allele. Finally, the long read 

Fig. 1  Overview of the GCphase workflow. a Data preprocessing. GCphase simplifies the reads into a format 
that contains only SNP information. b Selecting SNPs and long reads. SNP loci with disproportionately 
large allele ratios (the number of reads supporting the major allele accounts for more than 85% of the total 
number of reads) and reads with insufficient SNP information (indicated by red borders in the graph) were 
removed. c Constructing the Graph. The two alleles of SNP loci are represented as vertices in the graph, and 
the reads supporting two alleles are represented as edges. d Partitioning Graph. The graph is partitioned into 
two sets with the smallest intersection using the minimum-cut algorithm. e Correcting errors and Producing 
haplotype blocks. After undergoing two error correction steps, the algorithm traverses the maximal 
connected components in the graph to generate haplotype blocks as the output
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can be transformed into a vector (m1, m2… mn). Ultimately, a single read can be simpli-
fied into a representation of SNPs along with the alleles supported by the read at those 
loci, convenient for subsequent processing.

Selecting SNPs and long reads

After GCphase obtains the information of SNPs and reads, not all the information can 
be utilized in the phasing process. For each SNP locus to be phased, if the proportion of 
the allele with the highest read support is greater than or equal to 85% of the total read 
support for both alleles, this SNP locus is removed. Let vi0 and vi1 represent the two 
alleles of SNP vi. Let n1 and n2 denote the counts of reads supporting vi0 and vi1, respec-
tively. If max(n1,n2)/(n1 + n2) ≥ 0.85, that is, if the proportion of one allele is excessively 
high, it is considered a fuzzy locus for SNP vi, indicating unclear allele expression. Phas-
ing at this locus is not feasible, and there is a higher likelihood of introducing errors. 
Therefore, the locus is removed. After iterating through all the SNP loci to be phased 
and removing all the SNP with imbalanced heterozygosity, it is also necessary to update 
the read information by removing these fuzzy loci from the previously obtained reads.

Since the core algorithm of phasing relies on the extension and expansion of the rela-
tive positions between SNP loci, only the relative positions between multiple (greater 
than or equal to 2) SNP loci can provide effective phase information for the phasing pro-
cess. For each long reads, if a read ultimately provides less than two SNPs, it cannot pro-
vide effective information for phasing and is considered an invalid read. Therefore, all 
information from that read was deleted (Fig. 2).

Constructing the graph

Let G(V,E) be an undirected graph, where each allele of the SNP loci to be phased is 
represented as a vertex in graph G. For the i-th SNP loci pi, we construct two vertices 

Fig. 2  Filtering criteria for SNP loci and edges. Alleles of the same colour connected by lines represent a 
single read, where different colours indicate different haplotypes. In the figure, at the fourth SNP (represented 
by red dashed lines), the major allele ’A’ has a count of 9, while the minor allele ’G’ has a count of 1. The 
proportion of the major allele reaches 90%, which exceeds the set threshold of 85%. Therefore, SNP4 is 
considered a fuzzy SNP, and phasing cannot be effectively performed. Thus, SNP4 is removed. The read only 
aligned to SNP8 and represented in red is shown in the figure. However, since they cover only one SNP locus, 
they cannot provide effective information for SNP phasing. Therefore, these reads were deleted
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vi0 and vi1 in G, which represent the major and minor alleles of pi, respectively. If there 
is an edge e(vi0,vj1) between vi0 and vj1, it indicates the reads simultaneously supporting 
the major allele of SNP locus pi and the minor allele of SNP locus pj. The weight w(vi0,vj1) 
of edge e(vi0,vj1) represents the count of reads that support both alleles simultaneously. 
After processing all the reads iteratively, an undirected graph can be constructed.

After constructing the undirected graph G, it is necessary to perform a filtering pro-
cess on the edges of the graph. For any two SNP loci pi and pj, there are four vertices: vi0, 
vi1, vj0, and vj1 in the graph. There can be up to four edges: e(vi0,vj0), e(vi0,vj1), e(vi1,vj0), 
and e(vi1,vj1) between them. Due to the mutually exclusive nature of the two alleles at the 
same SNP locus, if allele (vi0,vj0) is present in one haplotype, the corresponding (vi1,vj1) 
should be present in the other haplotype. Similarly, if allele (vi0,vj1) is present in one hap-
lotype, the corresponding (vi1,vj0) should be present in the other haplotype. Therefore, 
the four edges can be classified into two sets: N1 = {e(vi0,vj0), e(vi1,vj1)} and N2 = {e(vi0,vj1), 
e(vi1,vj0)}, where the weight of each set is the sum of the weights of the edges it con-
tains. The phase relationship between the alleles of the two SNP loci is determined by 
the weight bias between these two sets. If the weight w(N1) is greater than the weight 
w(N2), the set N1 is correct, and vice versa. If max(w(N1),w(N2))-min(w(N1),w(N2)) ≤ 1, 
it indicates that the possibilities of N1 and N2 are converging, suggesting an ambiguous 
phase between SNP loci pi and pj. Phasing these two SNP loci cannot be effectively per-
formed based on the edges between them, and there is a higher likelihood of introducing 
errors in the phasing process. In that case, all edges between the alleles about pi and pj 
are removed.

Partitioning graph

The minimum cut of a graph refers to dividing the vertices of the graph into two parts 
in such a way that the sum of the weights of the edges between the two parts is mini-
mized. For the two alleles of an SNP locus, since they belong to two different haplotypes, 
the weight between alleles within the same haplotype is maximum, while the weight 
between alleles from different haplotypes is minimum. Therefore, applying the mini-
mum-cut algorithm on the graph involves partitioning the vertices into two subsets that 
are as disjoint as possible, such that the sum of the edge weights within each subset is 
maximized, and the sum of the edge weights between the subsets is minimized. For the 
graph G(V, E) constructed previously, V = {v00, v01, v10, v11…vi0, vi1…,vm0, vm1}, there are m 
SNP loci and 2 × m vertices. By using the minimum-cut algorithm, V is partitioned into 
two sets, V0 and V1. For SNP locus pi, if vi0 belongs to V0, vi1 should belong to V1. The 
optimization objective is shown below.

where k and k’ ∊ {0, 1}, k ≠ k’, and vik ∊ V0 and vik’ ∊ V1.
The Fiduccia-Mattheyses (FM) algorithm is a minimum-cut algorithm for graphs, pri-

marily used to divide a graph into two equally sized parts with the minimum cut value 
between them [30] (Fig. 3). GCphase revised FM for partitioning V into V0 and V1. The 
specific implementation process is shown as follows.

Obj = min

m
∑

i=0;j=0

e
(

vik , vjk ′
)

;
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Step 1: Initialization. Due to the mutually exclusive nature of the two alleles at SNP 
loci, both alleles cannot be assigned to the same set. During initialization, GCphase 
selects the major allele of all the SNP loci into V0, while the minor allele is inevitably 
assigned to V1. Therefore, only the partitioning of the major alleles needs to be saved.

Step 2: We calculate the cut value of vertices and determine whether to perform 
allele grouping exchanges. For an SNP locus pt with two alleles vg0 and vg1, first, we 
assume that vg0 belongs to G0 and vg1 belongs to G1.

The cut value of vg0 is calculated by the following formula.

where vjp belongs to G1 and p ∊ {0,1}.
The cut value of vg1 is calculated by the following formula.

where vjq belongs to G0 and q ∊ {0,1}. Then, we can obtain the weights cut01(vg0,vg1) = cut 
(vg0) + cut(vg1).

Next, we exchange vg0 and vg1, which means vg0 belongs to G1 and vg1 belongs to G0. 
We recalculate the cut values of vg0 and vg1 and obtain a new value cut10(vg0,vg1).

If cut01(vg0,vg1) > cut10(vg0,vg1), we assign vg0 to G1 and vg1 to G0.
Step 3: All the SNP loci are processed iteratively by Step 2 until no SNP locus under-

goes an allele exchange operation.
After these steps, preliminary grouping results are obtained.

cut(vg0) =

m
∑

j=0

e(vg0, vjp);

cut(vg1) =

m
∑

j=0

e(vg1, vjq);

Fig. 3  For the initial set partitioning G0 and G1 of the initial SNP to be phased, there are edges connecting 
the two alleles vg0 and vg1 of any SNP locus vg with the points in both sets. The cut value is the sum of the 
weights of the edges connecting the allele vertex with all vertices in its complementary set. Therefore, when 
the two alleles belong to different sets, different cut values exist. a When vg0 ∊ G0, vg1 ∊ G1, the cut value is the 
sum of the weights of the red edges, which is equal to 16. b When vg1 ∊ G0, vg0 ∊ G1, the cut value is the sum of 
the weights of the red edges, which is equal to 5. The cut value (16) of the allocation method in (a) is greater 
than the cut value (5) of the allocation method in (b). Therefore, the allocation method for the two alleles vg0 
and vg1 of SNP tends to be the allocation method in (b), which is vg1 ∊ G0, vg0 ∊ G1
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Correcting errors

The initial phasing results obtained from the revised FM algorithm may still contain a 
few errors. As the revised FM algorithm is a heuristic algorithm, it can produce good 
partitioning results but does not guarantee finding the global optimum. Therefore, 
GCphase applies two error correction steps to refine the initial phasing results and to 
obtain final results. In the error correction step, first, each SNP is sorted in ascending 
order based on its position in the reference sequence, and then, it is corrected based on 
the information from its connected vertices.

Step 1 of error correction: We determine the presence of switch errors between adja-
cent SNPs.

For the four alleles (vi0,vi1,vj0,vj1) of two SNP loci vi and vj, there are two phasing results 
for these four alleles: set1(vi, vj) = {(vi0,vj0) ∈ V0;(vi1,vj1) ∈ V1} and set2(vi, vj) = {(vi0,vj1) ∈ V0;
(vi1,vj0) ∈ V1}. The weight of set1(vi, vj) is w(vi0,vj0) + w(vi1, vj1), and the weight of set2(vi, vj) 
is w(vi0,vj1) + w(vi1, vj0).

When [w(vi0,vj0) + w(vi1, vj1)]—[w(vi0,vj1) + w(vi1, vj0)] ≥ 2, GCphase selects set1 as the 
final phasing result. When [w(vi0,vj1) + w(vi1, vj0)]—[w(vi0,vj0) + w(vi1, vj1)] ≥ 2, GCphase 
selects set2 as the final phasing result. The final phasing results about (vi0,vi1,vj0,vj1) are 
represented as OptimizedSet(vi0,vi1,vj0,vj1);

For vi and its adjacent vi+1, if edges exist between their alleles, the phasing result 
about their alleles obtained by the revised FM algorithm (Sect.  2.4) is assumed to be 
FM(vi0,vi1,v(i+1)0,v(i+1)1). When FM(vi0,vi1,v(i+1)0,v(i+1)1) ≠ OptimizedSet(vi0,vi1,v(i+1)0,v(i+1)1

), there is a switch error at SNP vi+1. If there is no edge connecting the alleles vi and vi+1, 
GCphase skips vi+1 and considers the next locus vi+2. If FM(vi0,vi1,v(i+2)0,v(i+2)1) ≠ Opti-
mizedSet (vi0,vi1,v(i+2)0,v(i+2)1), there exists the following calculation for all SNP loci vk 
that are connected to vi+2:

when (vk0,v(i+2)0) ∈ V0 and (vk1,v(i+2)1) ∈ V1;

when (vk0,v(i+2)1) ∈ V0 and (vk1,v(i+2)0) ∈ V1;
Fs(vk0,vk1,v(i+2)0,v(i+2)1) is the support degree of vk for vi+2. If 

∑

k

Fs(vk , vi+2) ≤ 0 , it indi-

cates that the support for locus vi+2 from the upstream loci is less than the support from 
the downstream loci. In this case, it is also considered to have a switch error at locus 
vi+1, and locus vi+1 is labelled as an error locus.

Following the given procedure, error detection is performed for each SNP locus to be 
phased. For the error loci, we consider a high probability of switch errors at those loci. 
Therefore, GCphase partitions the entire set of SNP loci into consecutive reversal blocks, 
with the error loci as the first loci in each reversal block. The reversal blocks are num-
bered from 0 in the order of their positions in the reference sequence. We reverse the 
alleles of SNP loci within the reversal blocks with odd numbers, which means exchang-
ing the grouping of the two alleles.

Fs(vk0, vk1, v(i+2)0, v(i+2)1) =
k − (i + 2)
∣

∣k − (i + 2)
∣

∣

∗
(

w(vk0, v(i+2)0)+ w(vk1, v(i+2)1)
)

;

Fs(vk0, vk1, v(i+2)0, v(i+2)1) =
k − (i + 2)
∣

∣k − (i + 2)
∣

∣

∗
(

w(vk0, v(i+2)1)+ w(vk1, v(i+2)0)
)

;
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Step 2 of error correction: We determine the support level for each SNP.
For a SNP locus vi and a locus vk located before it, there exist edges for the four alleles 

(vi0, vi1, vk0, vk1). We calculate the sum of the weights Fn(vk, vi) of edges between alleles 
assigned to the same set, that is:

Fn(vk, vi) = w(vk0, vi0) + w(vk1, vi1); when (vk0, vi0) ∈ V0 and (vk1, vi1) ∈ V1;
Fn(vk, vi) = w(vk0, vi1) + w(vk1, vi0); when (vk0, vi1) ∈ V0 and (vk1, vi0) ∈ V1;

If 
∑

k

Fn(vk , vi) = 0 , it is considered that the posterior support of SNP vi is greater than 

the anterior support, and it is considered to have a switch error at locus vi.
With these two error correction steps, the switch error and Hamming distance of the 

initial phasing results can be reduced.

Producing haplotype blocks

Since GCphase utilizes a graph-based approach for phasing SNPs, each maximum con-
nected subgraph in the graph represents a haplotype block. This means that there are 
no edges connecting the two haplotype blocks. By performing a breadth-first search 
to traverse the entire undirected graph, all the maximum connected subgraphs can be 
obtained. Sorting the SNP loci within each subgraph in ascending order based on their 
positions on the reference genome, GCphase can obtain all the haplotype blocks.

Results
GCphase utilizes Python as the programming language and performs phasing of the 
entire human genome on a 24-core (Intel) CPU. However, the runtime of the program 
may vary depending on the length of the reads and changes in coverage depth. We com-
pared the sequencing depths (20 × , 30 × , 50 × ) of PacBio and Nanopore sequencing 
data on the human public genome HG002 by using three SNP phasing software [31], 
namely, LongPhase, WhatsHap, and HapCUT2, all focusing solely on SNP phasing. To 
compare the performance of GCphase on data with different sequencing accuracies, we 
conducted tests on the high-accuracy PacBio HiFi dataset (27x).

Data availability and command lines

First, the PacBio data were obtained by downloading the PacBio (CCS 15 kb_20 kb 
Chemistry2) dataset from the Genome in a Bottle (GIAB) consortium. The Nanopore 
data were downloaded from the NCBI official website, specifically the SRR23215364 
and SRR23447694 datasets. Subsequently, sequencing data with coverage depths of 
50 × , 30 × , and 20 × were generated through downsampling. The PacBio HiFi data 
were downloaded from NCBI as the human HG002 whole-genome sequencing data 
(SRR19020573). The SNP loci information was provided by the HG002 standard set 
from the Genome in a Bottle (GIAB) consortium.

The compare command line of WhatsHap is: WhatsHap compare–names truth, 
WhatsHap–tsv-pairwise eval_mine.tsv SNP.vcf. The command line of LongPhase is: 
longphase phase -s SNP.vcf -b sort.bam -t 1–pb = o phasedprefix. The command line 
of HapCUT2 is: extractHAIRS–bam sort.bam–VCF SNP.vcf–out fragment_file Hap-
CUT2–fragments fragment_file–VCF SNP.vcf–output haplotype_output_file. The com-
mand line of WhatsHap is: WhatsHap phase–ignore-read-groups–reference = hg38.fa 
-o phased-WhatsHap.vcf SNP.vcf sort.bam.
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Evaluation of SNP phasing by GCphase in Nanopore and PacBio sequencing data

In Nanopore sequencing, GCphase was compared with WhatsHap, HapCUT2, and 
LongPhase by using the whole-genome sequencing data of the human HG002 sample 
downloaded from NCBI at coverage depths of 20x, 30x, and 50x. The evaluation soft-
ware employed the "compare" method of WhatsHap. The VCF files containing phasing 
information generated by GCphase and the other three methods were compared against 
the standard set of the human HG002 sample provided by GIAB, resulting in the final 
evaluation results (Table 1). In the Nanopore data at the three coverage depths, GCphase 
has little differences in the number of SNPs identified compared to those of the other 
three methods. For example, in Nanopore Long reads 50 × sequencing data, the percent-
age of SNP sites in GCphase phasing is 96.71%, the percentage of SNP sites in HapCUT2 
phasing is 95.70%, the percentage of SNP sites in LongPhase phasing is 96.64%, and the 
percentage of SNP sites in WhatsHap phasing is 96.01%. In terms of Hamming distance, 
the performance of the four methods is similar to the number of SNPs phased, with 
comparable Hamming distances observed. Only in the case of 30 × coverage is there an 
approximately twofold difference between the maximum Hamming distance of Long-
Phase (10,175) and the minimum Hamming distance of WhatsHap (5187). As shown 
in Tables  1 and 2, in the number of blocks, there is little difference between the four 
methods, but we see that the performance of GCPhase on high coverage data is bet-
ter than that of low coverage data. In terms of accuracy, GCphase exhibits significantly 
fewer switch errors than the other three methods. Across all three coverage depths, 
GCphase consistently has the lowest switch error rate. Additionally, the switch error rate 
of GCphase at 20 × is not significantly different from that at 50x.

In PacBio sequencing, GCphase was compared with WhatsHap, HapCUT2, and Long-
Phase by using the whole-genome sequencing data of the human HG002 sample pro-
vided by GIAB (PacBio CCS 15 kb_20 kb chemistry2) at coverage depths of 20x, 30x, 
and 50x. Similar to the Nanopore experiments, the evaluation was conducted by using 
the "compare" method of WhatsHap. The VCF files containing phasing information 
obtained from GCphase and the other three methods were compared against the stand-
ard set of the human HG002 sample provided by GIAB. This comparison resulted in 

Table 1  Evaluation results based on Nanopore datasets

SW: switch error; HMD: Hamming distance

Sample Method Block num SNP num (%) SW SW rate (%) HMD HMD rate (%)

Nanopore 50 × GCphase 14,593 96.71 262 0.30 6003 7.26

HapCUT2 14,586 95.70 618 0.70 4087 5.33

LongPhase 15,454 96.64 450 0.50 6386 8.07

WhatsHap 15,096 96.01 620 0.71 5061 6.34

Nanopore 30 × GCphase 16,690 96.22 352 0.40 8535 9.16

HapCUT2 16,930 95.46 627 0.69 5984 6.05

LongPhase 18,031 96.27 569 0.63 10,175 10.55

WhatsHap 17,661 95.82 639 0.73 5187 5.97

Nanopore 20 × GCphase 19,366 95.89 312 0.35 3800 3.20

HapCUT2 19,456 95.81 740 0.82 3711 4.79

LongPhase 20,215 95.74 479 0.56 4841 7.47

WhatsHap 20,095 96.27 661 0.78 3722 4.73
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the final evaluation results (Table 2). In terms of the number of phased SNPs, there was 
still no significant difference among the four methods. In the number of blocks, there 
is little difference among the four methods, but GCphase has the smallest number of 
blocks among the three depths (50 × , 30 × , 20 × ). In terms of the Hamming distance, 
no significant difference is observed among the four methods. However, GCphase con-
sistently outperforms the other methods in two coverage depths (30x, 20x) and ranks in 
the second position in the 50 × coverage depth. In terms of accuracy, due to the higher 
accuracy of PacBio sequencing data compared to that of the Nanopore sequencing data, 
the switch error performance of each program is better in PacBio sequencing data than 
that in Nanopore sequencing data. However, similar to the Nanopore sequencing data, 
GCphase still outperforms the other methods in all three coverage depths, with switch 
error rates of approximately 0.15%.

The performance of GCphase on high‑accuracy PacBio HiFi data

In this study, experiments were conducted on high-accuracy PacBio HiFi data (27 × cov-
erage) to compare the evaluation indicators (Block num, Switch error, SNP num, and 
so on) of these four methods (Table 3). Due to the high accuracy of PacBio HiFi data, 
all four methods exhibit low error rates. In terms of switch error, GCphase has a sig-
nificantly lower count (153) compared to that of the other methods. In the number of 
blocks, GCphase has the smallest number of blocks. In terms of the Hamming distance, 

Table 2  Evaluation results based on Pacbio datasets

SW: switch error; HMD: Hamming distance

Sample Method Block num SNP num (%) SW SW rate(%) HMD HMD rate (%)

Pacbio 50 × GCphase 12,689 96.89 132 0.15 1247 1.14

HapCUT2 13,716 95.85 451 0.51 1449 1.44

LongPhase 14,198 96.92 177 0.19 1761 2.09

WhatsHap 13,876 95.98 168 0.20 708 1.05

Pacbio 30 × GCphase 13,607 96.67 130 0.15 710 0.77

HapCUT2 14,602 95.73 488 0.55 2162 2.30

LongPhase 15,149 96.78 175 0.20 1741 1.89

WhatsHap 14,814 95.88 232 0.27 1344 1.53

Pacbio 20 × GCphase 14,644 96.23 120 0.14 855 1.27

HapCUT2 15,541 95.62 496 0.56 2061 1.97

LongPhase 16,142 96.64 175 0.19 1318 1.59

WhatsHap 15,820 95.8 242 0.30 1047 1.20

Table 3  Evaluation results based on Pacbio HiFi dataset

SW: switch error; HMD: Hamming distance

Sample Method Block num SNP num (%) SW SW rate (%) HMD HMD rate (%)

Pacbio HiFi GCphase 18,252 96.41 153 0.18 2284 3.10

HapCUT2 18,493 95.59 421 0.49 849 0.8

LongPhase 18,987 96.56 170 0.19 1345 1.5

WhatsHap 18,634 95.70 259 0.3 633 0.6
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GCphase does not perform well here. Regarding the number of phased SNPs, all four 
methods had similar counts with no significant differences.

From the above experiments, we observe that all four methods, whether in PacBio 
or Nanopore sequencing data, demonstrate similar performance in terms of Hamming 
distance and the number of phased SNPs. In terms of accuracy, GCphase exhibits the 
lowest number of switch errors, making it more reliable in SNP phasing. Consequently, 
GCphase can provide more accurate and effective data support for related experiments.

In this experiment, the running time of GCphase is 100 min and the memory usage is 
8 GB. The running time of LongPhased is 35 min and the memory usage is 10.2 GB. The 
running time of HapCUT2 is 44 min and the memory usage is 6 GB. The running time of 
WhatsHap is 693 min and the memory usage is 2.7 GB.

Discussion
In this paper, GCphase first constructs a graph to represent the linkage among alleles 
of SNPs, and utilizes the minimum cut algorithm to perform phasing. Through some 
experiments, the evaluation indicators shows some advantage compared with other 
methods, which also demonstrate graph theory can be utilized for phasing. However, 
due to the limitations of the graph min-cut algorithm, when dealing with highly hete-
rozygous genomes, the performance of GCphase such as accuracy and running time will 
decrease significantly, because the construction of the graph will be too complex.

Conclusion
In this article, we propose a new SNP phasing program called GCphase. GCphase uti-
lizes the minimum-cut algorithm on a graph to perform initial phasing of SNP loci and 
then applies two additional correction steps to refine the phasing at each locus, ensur-
ing more accurate phasing results. By comparing GCphase with three SNP phasing soft-
ware programs, WhatsHap, HapCUT2, and LongPhase, on different datasets, GCphase 
achieves the lowest switch error rates. Furthermore, through comparison on the high-
accuracy PacBio HiFi dataset, GCphase outperforms the other four methods in terms of 
switch error rates. These results demonstrate that GCphase exhibits high applicability 
across various datasets while maintaining accuracy.
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