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The recent advent of long-read sequencing technologies, such as Pacific Biosciences (PacBio) and Oxford
Nanopore technology (ONT), has led to substantial accuracy and computational cost improvements. However, de
novo whole-genome assembly still presents significant challenges related to the computational cost and the
quality of the results. Accordingly, sequencing accuracy and throughput continue to improve, and many tools are
constantly emerging. Therefore, selecting the correct sequencing platform, the proper sequencing depth and the

assembly tools are necessary to perform high-quality assembly. This paper evaluates the primary assembly
reconstruction from recent hybrid and non-hybrid pipelines on different genomes. We find that using PacBio
high-fidelity long-read (HiFi) plays an essential role in haplotype construction with respect to ONT reads.
However, we observe a substantial improvement in the correctness of the assembly from high-fidelity ONT
datasets and combining it with HiFi or short-reads.

1. Introduction

The analysis of complete genomes and transcriptomes is a field of
great interest in the bioinformatics community. One of the most famous
examples is the first human genome draft, which was based on tradi-
tional Sanger Sequencing technology and took more than ten years and
$3 billion to complete [1,2]. Fortunately, the incorporation of Illumina’s
technology (short reads) has led to significant advances in sequencing
time and cost reduction. Furthermore, new technologies such as PacBio
[3] or Oxford Nanopore [4] can provide millions of reads over 15,000 bp
[5] long with a precision of 99.9%. This precision is due to the
appearance of PacBio HiFi [6,7] reads, the latest Q20+ platform update,
and the V14 kit chemistry with R10.4.1 pore [8] (see Supplementary
Table 1). These technologies enable the detection of significant struc-
tural variants and challenging repetitive regions that confound short-
read sequencers because their short snippets cannot be differentiated
during assembly. Consequently, long reads allow for substantial ad-
vances in bioinformatics [9,10], particularly in de novo genome as-
sembly [2,11].

* Corresponding author.

However, the high costs associated with both PacBio sequencing and
equipment limited the sequencing using long reads until the emergence
of high-fidelity reads from Oxford Nanopore Technology. Since pricing
is crucial in enabling broad adoption, most solutions utilizing long reads
typically exploit a combination of Illumina short reads with Nanopore
long reads. In this scenario, the questionable quality of the results has
conditioned the choice of the best technology [12]. Furthermore, the
choice of technology substantially impacts processing time and memory
footprint, significantly as genome complexity increases. To tackle this
challenge, great research efforts have been made to develop new long-
read assemblers and hybrid assembly methods capable of exploiting
the computational capabilities of modern systems. Therefore, selecting
the appropriate sequencing platforms, depths, and genome assembly
tools is fundamental for obtaining high-quality genomes.

In terms of strategies to perform an assembly, we find two main
methods: OLC (Overlap Layout Consensus) and DBG (De Bruijn Graph).
The DBG method converts the sequence in multiple sub-sequences or k-
mers to identify overlapping reads, and then builds an overlap graph
generating connections between all k-mers. It was initially used
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successfully to assemble small genomes, such as bacteria, and was later
extended to process large genomes. A main computational advantage of
DBG is its scalability with the size and complexity of the genome, as
multiple overlaps between different reads do not increase the number of
graph nodes, which only grow with new k-mers. However, sequencing
errors insert additional erroneous k-mers in the list, which increase the
number of graph edges and, consequently, the complexity of the graph.
That leads to the appearance of bubbles or bifurcation in the graph
within which it is easy to recognize incorrect paths based on k-mer
frequency. It also increases the memory footprint.

On the other hand, the OLC approach computes the alignment be-
tween reads to identify overlaps. It consists of three steps. First, in the
overlap step, the algorithm computes overlaps between all sequencing
reads. It results in a Overlap Graph or String Graph. The first one [13] is a
bi-directed graph whose vertices are the input reads and each edge e =
(u, v) represents a connection between two reads u and v if a suffix of u
matches a prefix of v. Each edge in the overlap graph has two arrow-
heads at its endpoints and the orientations of the arrowheads are used to
denote the different ways in which the two reads at the ends of an edge
can overlap [14]. The String Graph was proposed by Myers et al. [15],
and it is a simplified version of a classic overlap graph and preserves the
same properties and advantages as the DBG. It removes the transitive
edges resulting in a directed overlap graph [16]. Each edge in a string
graph is bidirectional to model the double-stranded nature of DNA and
labeled with the unmatched substrings of the sequence reads [17].
Second, in the layout step, the reads are laid out into the most likely
contiguous sequence stretches. Third, in the final step, the consensus
sequence is determined for each contig by choosing the nucleotide,
which is represented by the majority of the overlapping reads for every
sequence position. With respect to the previous technique (OLC), it al-
lows for preserving the information contained in the reads. However, the
main bottleneck in this approach is the huge time required for the
alignment between every possible read combination.

When assembling long-reads, we can follow the OLC or DBG ap-
proaches, however, the former is more suitable. For a complete list of
long-read assemblers and their respective characteristics, see Supple-
mentary Table 2. Hybrid Assembly combines short and long reads to
create an efficient algorithm for hybrid reads [18,19], utilizing DBG and
OLC methods. Our study aims to empirically evaluate these new ap-
proaches, focusing on their bottlenecks and areas for improvement.
Previous results in other works have mainly focused on experimental
evaluations of a limited number of genomes [20-22], considering only
long-read assembly from Oxford Nanopore [23] or PacBio technology
[24]. In contrast, our study performs experimental evaluations on small
and complex genomes assembled from long-read (Oxford Nanopore and
PacBio) and short-read (Illumina) sequencing technologies for long-read
and hybrid assembly. The joint selection of assembly tools and
sequencing technology is crucial for the accurate reconstruction of ge-
nomes. Additionally, a comprehensive assessment of the current land-
scape can help us identify the significant challenges in this field.
Therefore, in this study, we aim to evaluate the latest non-hybrid and
hybrid assemblers from both computational and biological perspectives.
Specifically, we focus on non-hybrid assemblers such as Hifiasm [25],
Shasta [26], and HiCanu [27], which are capable of assembling PacBio
and Nanopore reads. For hybrid assembly, we evaluate the new as-
semblers Wengan [28] and Verkko [29]. Finally, we include Miniasm
[30], designed for noisy long reads, in our benchmark as a reference for
new assemblers. A brief description of the assemblers used in our
benchmark is shown in Supplementary 3.

2. Materials and methods
2.1. Sequencing data acquisition

We obtained sequencing data from Pacific Biosciences (PacBio) and
Oxford Nanopore technology (ONT) of haploid and diploid genomes. For
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the PacBio data, we selected HiFi (high-fidelity) long-reads sequenced
with Sequel long-read systems. For Oxford Nanopore (ONT) data, we
selected samples sequenced with the recent ligation sequencing kit and
the chemistry R9.4 and later. In addition, we downloaded short-reads
from Illumina technology and long-read from PacBio CLR and other
Oxford Nanopore kits of Homo Sapiens and Drosophila Melanogaster. A
complete description of the sequencing samples is shown in Supple-
mentary Table 3.

2.2. De novo assembly pipelines

Figure 1 illustrates the de novo assembly pipeline we employed for
our benchmark. We evaluate four recent assemblers - HiCanu (v2.2),
Hifiasm (v0.18.5), Miniasm (v0.3), and Shasta (v0.10.0) - for non-hybrid
assembly. To ensure accurate comparisons, we use recommended con-
figurations for each genome type (as described in Supplementary 5) and
processed 5 HiFi subsets for the first two assemblers and 3 ONT subsets
for Shasta and Miniasm (as defined in Supplementary Table 3). The ONT
assembly by Shasta and Miniasm requires additional processing with
marginPolish (v1.3). Similarly, the results of HiCanu and Verkko require
additional preprocessing to separate the haplotypes and reconstruct the
primary haplotype using purge dups (v1.2.6). For hybrid assembly, we
employ Wengan (v0.0.2) and Verkko (1.3) to combine long and short
reads, as shown in Fig. 1, using the standard mode recommended by the
developers.

2.3. Evaluation overview

We conduct the experiments in the Picasso cluster available in the
SCBI (Supercomputing and Bioinnovation Center, Malaga Tech-Park). We
run the assemblers in Bull R282-Z90 nodes, each including two 64-core
AMD EPYC 7742 processors and 2 TB of RAM. We analyze assemblers
regarding quality and performance, discussing computing bottlenecks
that are still present. Notably, we aim to determine: 1) the quality of the
final assembly and 2) the performance of the computing resources in
terms of processing time and memory usage.

2.3.1. Assembly quality

Aside from sequencing errors, assembly errors can arise for various
reasons: (1) genomic regions may join together in incorrect places or
orientations, and (2) regions may be dismissed as repeats or inaccura-
cies. Unfortunately, distinguishing between errors caused by experi-
mental artifacts or missing data can be challenging, and may result in
incomplete or inaccurate assemblies. To address this issue, we assess the
quality of the assembly in terms of genome contiguity, correctness, and
completeness. Detailed descriptions of the parameters and datasets used
for evaluation can be found in Supplementary 6, andSupplementary
Table 4. Contiguity was evaluated based on the number and size of the
contigs. To achieve high contiguity, genome assembly must maximize
contig length while minimizing their number, to accurately reflect the
number and size of chromosomes in the organism. Correctness was
evaluated by assembling with a reference genome using the Quast
(v.5.2.0) tool, which evaluates contig ordering and location. Incorrect
positioning could indicate the presence of inversions, relocations, or
translocations compared to the accurate genome. Finally, completeness
was assessed by identifying expected genes in each genome using the
Busco tool (v.5.4.4). This evaluates the content of the contig in terms of
gene content. These errors could arise during sequencing (i.e., expected
genes not sequenced) or during assembly due to discarded contigs.
Additionally, we used GenomeScope (v.2.0) to evaluate parameters such
as heterozygosity and repetitiveness based on k-mer frequencies.

2.4. Performance analysis

We computationally characterize the different assemblers based on
the processor performance and the memory footprint. For this purpose,
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Fig. 1. Pipeline design for benchmarking hybrid and non-hybrid strategies. For the evaluation of the hybrid strategy, we combine short and long reads and the
assemblers Wengan and Verkko. For the non-hybrid strategy, we selected the assemblers Shasta for ONT reads, HiCanu and Hifiasm for HiFi reads and Miniasm for both

of them.

we measure the CPU workload and the RAM usage. We obtain the thread
count to quantify the amount of parallelism and determine the perfor-
mance in terms of CPU usage. We measure CPU and wall times to assess
multithreading’s inherent parallelism. We calculate the RAM usage,
identifying the peak usage and the memory growth as the genome
complexity and length increase.

3. Assembly quality evaluation results

The quality of the assemblies depends on several factors, such as the
genome size, levels of ploidy, and heterozygosity of the genomes.
Moreover, sequencing platforms, the depths of the sequencing, and the
algorithms used are other essential factors. In this work, we use different
algorithms and metrics to compare assembly strategies’ capabilities in
varying complexity genomes.

Table 1

3.1. Evaluation of non-hybrid pipelines on HiFi datasets

Comparing two recent assembly tools designed to leverage the full
potential of HiFi reads (Table 1), HiCanu and Hifiasm. We evaluate their
potential to assemble different genomes, from haploid to diploid and
repetitive genomes.

3.1.1. Contiguity assembly

Based on the length of the contigs, N50 and NG50 values obtained in
H. sapiens in each strategy of assembly, we notice that Hifiasm presents
higher contiguity in the assembly of diploid genomes. We observe this
trend as the complexity of the genomes increases as Solanum tuberosum
and H. sapiens. However, Hifiasm exhibits a notable number of contigs
with respect to HiCanu in the haplotype reconstruction of the
D. melanogaster (281 contigs vs. 59 contigs) and S. tuberosum (1610
contigs vs. 562 contigs) genome. On the other hand, the size of the
estimated genomes resulting from the assemblies is especially larger

Quality evaluation of different genomes on HiFi datasets measured in terms of contiguity, correctness and completeness for the assembly with Hifiasm and HiCanu.

Quality evaluation ~ Metric E. coli k12 S. pombe D. melanogaster S. tuberosum H. sapiens (HG002)
HiCanu Hifiasm HiCanu  Hifiasm  HiCanu Hifiasm HiCanu Hifiasm HiCanu Hifiasm
N50 (Mbp) 4.54 4.66 4.61 9.66 20.87 22.94 3.86 24.27 36.65 87.11
NG50 (Mbp) 4.54 4.66 4.61 9.66 20.87 23.95 5.14 28.88 38.18 78.86
Contiguity Number of contigs 217 4 72 75 59 281 562 1610 1169 934
GC (%) 50.61 50.74 36.29 36.56 41.71 41.29 34.48 35.60 40.54 40.75
Largest contig (Mbp) 4.54 4.66 5.62 9.66 24.41 28.21 19.10 60.22 121.36 176.22
Genome (Mbp) 9.01 4.73 15.93 16.63 179.69 177.77 942.55 953.14 3326.85 31,126.15
Missassemblies 10 6 139 196 4027 6255 78,237 67,167 18,844 18,715
Missmatches 314 8 3613 4289 586,895 616,356 9,593,452 8,807,798 5,359,406 5,542,121
Correctness Fully unaligned contig 0 0 0 0 7 55 9 62 3 12
Partially unaligned contigs 0 0 3 1 31 92 522 828 330 187
Genome fraction (%) 99.998 99.998 99.855 95.937 88.578 94.576 70.91 77.078 93.986 94.45
Total aligned (Mbp) 9.01 4.73 15.81 16.41 175.02 164.29 697.13 641.38 3260.63 3002.72
Missing genes 0 0 18.4 18.3 0.3 0.5 2.6 1.4 3.6 3.3
Completeness Fragmented genes 0 0 1.7 1.7 0.1 0.1 0.1 0.1 1.6 1.1
Identified genes 100 100 79.9 80 99.6 99.4 97.3 98.5 94.8 95.6
Total 124 124 1706 1706 1367 1367 5950 5950 13,780 13,780
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than their reference in repetitive genomes (observed in S. tuberosum).
This fact is also notable in the assembly of haploid genomes by HiCanu
which have not been previously purged (Table 1).

3.1.2. Correctness assembly

Concerning the correctness, and according to the results of the
alignment to the references, we notice that the assemblies led by HiCanu
and Hifiasm present a similar number of mismatches and misassemblies,
except Escherichia coli which shows an exacerbated number of mis-
matches in the assembly with HiCanu (314 mismatches vs. 8 mismatches
on Hifiasm). In the same way, both present a high number of aligned
bases at the references, 3.2 Gbp and 3 Gbp for HiCanu and Hifiasm,
respectively, for the assembly of H.Sapiens. S.tuberosum is an exception
considering that it exhibits a low value of percentage genome fraction,
70.91% for HiCanu and 77.078% for Hifiasm (Table 1).

3.1.3. Functional completeness assembly

Upon identifying the expected gene content in the assemblies, we
observe that both assemblers, HiCanu and Hifiasm, yield similar numbers
of missing and fragmented genes across most datasets, regardless of
genome complexity. Notably, both assemblers successfully identify a
high percentage of expected genes, with less than 4% missing, except for
S. pombe, where HiCanu and Hifiasm identify 18.4% and 18.3% missing
genes, respectively (Table 1).

3.2. Evaluation of non-hybrid pipelines on Nanopore (ONT-bases)
datasets

To investigate the impact of sequencing technology on genome
reconstruction, we assemble the haploid genome of S. pombe and the
diploid genomes of D. melanogaster and H. sapiens using Shasta and
Miniasm pipelines. We obtain these genomes through different protocols
of the Nanopore sequencing technology, and all results are shown in
Table 2. Overall, we observe a significant effect of the new Q20
sequencing, combined with the new R10.4.1 flow cell, on the assemblies
of D. melanogaster and H. sapiens, compared to sequencing with the
standard ligation kit protocol used for S. pombe sequencing. We note this
trend in the assemblies performed by both Shasta and Miniasm pipelines
on all three datasets. However, the completeness of the S. pombe genome
was lower, with only 67.8% of genes identified using Shasta and 55.8%
using Miniasm. In contrast, there is a clear improvement in the per-
centage of genes identified in the genomes of D. melanogaster and
H. sapiens, especially in the assemblies performed by Shasta, with 97.3%
for D. melanogaster and 87.2% for H. sapiens. Nevertheless, there is a
significant difference in contiguity among the three assemblies when
comparing with HiCanu and Hifiasm’s HiFi pipelines. Hifiasm exhibits
the highest contiguity with an N50 and NG50 value of 87.11 Mbp and

Table 2
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78.86 Mbp, respectively, for H. sapiens, whereas the other two assem-
blies, with Shasta and Miniasm, have N50 and NG50 values of less than 2
Mbp for the same genome. When comparing Shasta and Miniasm’s re-
sults (Table 2), diploid genomes assembled with Miniasm exhibit higher
contiguity with N50 values of 3.33 Mbp for D. melanogaster and 1.14
Mbp for H. sapiens. In contrast, Shasta’s N50 values are only 0.026 MB
for D. melanogaster and 0.78 Mbp for H. sapiens, indicating lower con-
tiguity. Furthermore, Shasta has a higher number of fully unaligned
contigs (3069) compared to Minisam (59) in H. sapiens. However, the
number of partially unaligned contigs is similar in both assemblies for
the H. sapiens dataset (3326 for Shasta and 3354 for Minisam). Despite
these differences, Shasta outperforms Miniasm in terms of completeness,
as it has identified fewer missing and fragmented genes in the assembly
of H. sapiens (7.5% and 3.9% for Shasta, compared to 29.9% and 6.9%
for Miniasm, respectively).

3.3. Impact of HiFi sets in the improvement of the non-hybrid assembly

To demonstrate the impact of sequencing technologies on assembly
accuracy, we evaluate the assembly of S. pombe using Miniasm with both
HiFi and ONT sequencing data. We assess two levels of ONT assembly:
raw (uncorrected assembly) and corrected with marginPolish. Our results
show a significant improvement in assembly quality, including
completeness, correctness, and contiguity (seeSupplementary Table 5).
Cleaning the ONT assembly substantially improves the results (88.2%
versus 28.4% of missing genes). However, the corrected ONT assembly
still has many absent genes and is inferior to the HiFi assembly in terms
of accuracy (61.8% versus 79.9% and 80% of identified genes in HiCanu
and Hifiasm assemblies). This underscores the importance of HiFi reads
in improving assembly quality. Additionally, comparing the complete-
ness of the HiFi and uncleaned ONT assemblies highlights the signifi-
cance of high-quality PacBio reads (36.6% versus 88.2% of missing
genes). Despite this, the ONT assembly’s completeness remains lower
than that of the HiFi assembly.

3.4. Evaluation of hybrid strategy

In this work, we also explore the benefits of employing a hybrid
approach for genome assembly and investigate its performance on
diploid genomes. Specifically, we assemble the genomes of H. sapiens
from the diploid cell line HG002 and D. melanogaster using Wengan and
Verkko algorithms, with the aim of assessing whether incorporating two
types of reads (long and short reads) could enhance the quality of the
final results. The outcomes of our evaluation are summarized in Table 3.

3.4.1. Hybrid assembly from short and long reads
We estimate the size of two genomes and found that they were

Quality evaluation of different genomes on ONT datasets measured in terms of contiguity, correctness, and completeness for the assembly with Shasta and Miniasm.

Quality evaluation Metric S. pombe D. melanogaster H. sapiens (HG002)
Shasta Miniasm Shasta Miniasm Shasta Miniasm
Contiguity N50 (Mbp) 4.57 4.45 0.026 3.3 0.78 1.14
NG50 (Mbp) 4.57 4.45 0.35 3.64 0.66 0.96
Number of contigs 6 50 19,889 192 28,310 6599
Largest contig (Mbp) 5.44 5.50 5.63 9.01 4.09 5.90
GC (%) 36.11 35.18 42.35 41.2 40.96 40.91
Genome (Mbp) 12.59 16.09 313.05 164.22 2785.73 2823.56
Correctness Missassemblies 76 125 4922 4596 5396 4561
Missmatches 69,060 85,720 1,927,137 1,448,092 3,747,738 20,904,220
Fully unaligned contig 0 12 591 6 3069 59
Partially unaligned contigs 3 38 379 157 3326 3354
Genome fraction (%) 97.006 97.094 96.333 94.394 89.36 90.227
Total aligned (Mbp) 12.36 13.27 304.18 152.74 2755.54 2784.83
Completeness Missing genes (%) 24.3 30.3 1.5 6.9 7.5 29.9
Fragmented genes (%) 7.9 13.9 1.2 5.8 3.9 6.9
Identified genes (%) 67.8 55.8 97.3 87.3 87.2 63.2
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Table 3
Quality evaluation of hybrid approaches on diploid datasets measured in terms of contiguity, correctness, and completeness for the assembly with Verkko and Wengan.
Quality evaluation Metric D.Melanogaster D.Melanogaster H.Sapiens H.Sapiens
(PacBio CLR —+ ILL) (ONT + ILL) (ONT + ILL) (HiFi + ONT)
Wengan Wengan Wengan Wengan Verkko
Contiguity N50 (Mbp) 4.68 6.37 16.69 0.78 0.86
NG50 (Mbp) 3.33 1.84 13.9 0.55 1.47
Number of contigs 263 418 2605 37,277 23,945
Largest contig (Mbp) 16.62 19.38 102.26 45.36 50.03
GC (%) 42.36 42.29 40.81 40.85 40.84
Genome (Mbp) 121.18 118.39 2734.80 2562.06 5838.96
Correctness Missassemblies 1305 1766 2576 2145 27,130
Missmatches 710,370 682,356 3,707,472 3,491,463 9,301,410
Fully unaligned contig 73 79 21 199 187
Partially unaligned contigs 78 78 488 1417 2857
Genome fraction (%) 83.63 81.18 89.24 79.83 95.389
Total aligned (Mbp) 119.21 116.29 2722.49 2545.64 5681.68
Completeness Missing genes 0.7 2.9 6.9 16.5 5.3
Fragmented genes 0.3 0. 1.6 2.9 3.7
Identified genes 98.3 95.6 91.5 80.6 91.0

shorter than the reference genome. D. melanogaster has a length of
121.18 Mbp and 118.39 Mbp, while H. sapiens has a length of 2734.80
Mbp, both genomes shorter than the respective reference genomes. The
N50 and NG50 values predict low contiguity, from Wegan, in both ge-
nomes when compared with the results obtained by HiCanu and Hifiasm
(Fig. 2). On the other hand, we also observe that the quality values of the
hybrid assembly from PacBio CLR reads decrease as the genome’s
complexity increase, the assembly of H. sapiens exhibiting an incomplete
construction of 0.55 Gbp (data not shown). When we measure the
mapping against the reference genome, we find that the number of
misassemblies is lower for PacBio and ONT (1305 and 1766,

A

respectively) compared to HiCanu and Hifiasm (4027 for HiCanu, and
6255 for Hifiasm) in the assembly of D. melanogaster. Also, these values
and the number of missmatches are significantly better in the assembly
of H. sapiens from ultra-long reads and Illumina respect to the assemblies
from HiFi pipelines (e.g 2576 and 3,707,472 vs. 18,715 and 5,542,121
identified in the assembly of Hifiasm). However, the number of aligned
bases with the reference is insufficient for the two genomes concerning
the two HiFi assemblers (less than 120 Mbp for D. melanogaster and less
than 2.8 Gbp for H. sapiens, with respect to 164.29 Mbp and 3 Gbp
denoted by Hifiasm for the two assemblies). The percentage of the
reconstructed genome fraction is also lower in both assemblies

Wengan (UL+HIFI)

1.00
Wengan (HiFi+ONT) 075
Verkko (HiFi+ONT)
0.50
Shasta 0.2
Hifiasm 25
HiCanu P——— 0_00
0.00 0.25 0.50 0.75 1.00
Length (MB)
B C
g
= 150 150 3
E’ Hifiasm
ks 100 100 HiCanu
% Wengan (ILL + UL)
- Wengan (HiFi + UL)
'g 50 S0 Shasta
(o) \ L Verkko
@) 0 0 )
25 50 75 100 25 50 75 100
Nx NGx

Fig. 2. Contiguity analysis for the evaluation of hybrid and non-hybrid strategies based on the assembly of the diploid cell line of H. sapiens (HG002). (A) Length
distribution of contigs. (B)-(C) Nx (left) and NGx (right) values as x varies from 0 to 100%.
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compared to those obtained with HiCanu or Hifiasm on both models (less
than 90% in both assemblies). It decreases dramatically for the assembly
of H. sapiens from PacBio CLR reads, which does not exceed 10% (data
not shown). Finally, according to the completeness of the assembly,
Wengan denotes a similar number of missing and fragmented genes
when compared to Hifiasm and HiCanu, except for the hybrid assembly
of H. sapiens from PacBio CLR reads (data not shown).

3.4.2. Hybrid assembly from only long reads

On the other hand, the combination of high-quality reads (i.e., ONT
and HiFi reads) does not result in an improvement in the quality pa-
rameters if we compare it to the hybrid assembly of long and short reads,
and the contiguity remains very low, as shown in Fig. 2. Only a slightly
higher percentage of the genome fraction is observed in the Verkko as-
sembly due to the increased number of aligned bases (5.8 Gbp vs. 2.7
Gbp obtained by Wengan). However, there is a significant improvement
in the completeness of the hybrid assembly with Verkko compared to
Wengan (5.3% of missing genes vs. 16.5%). Supplementary Table 6,
Supplementary Table 7 and Supplementary Table 8 provide additional
QUAST parameters, offering further insights into the results of the
analysis for the evaluation from HiFi, ONT and hybrid assembly. Sup-
plementary Figure 3 addresses additional contiguity and completeness
analysis for the evaluation of the primary assembly following hybrid and
non-hybrid approaches. Furthermore, Supplementary Table 9 and Sup-
plementary Table 10 show quality evaluation with QUAST of the diploid
cell line HGOO2 for the primary and phased assembly with hybrid and
non-hybrid approaches using the T2T CHM13 v2.0 and the recently
finished HG002 ChrX and ChrY as reference genome respectively.
Finally, to assess the correctness based on the reference, we show in
Fig. 3 the alignment of the assembly results, both for the long-read as-
sembly and the hybrid assembly, on the HGO02 model. In this graph, we
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can observe that, despite HiCanu and Hifiasm exhibiting better quality
results in the assembly of H. sapiens, the assembly from ONT reads, and
the assembly of the combined reads, show a lower number of trans-
locations. In this sense, Shasta, Wengan, and Verkko show a less contig-
uous and complete genome but with more inversions. In addition, results
on the alignment (see Supplementary Figure 1 and Supplementary
Figure 2) against the T2T CHM13 v2.0 and the recently finished HG002
ChrX and ChrY yield the same results. Finally, Supplementary Figures 4-
8 show additional analysis with Merqury.

3.5. Runtime, memory and CPU utilization

3.5.1. CPU workloads characterization

The length and complexity of a genome have a direct impact on the
performance evaluation of assemblers in terms of computational
resource utilization. With this in mind, we measure the efficiency of
evaluated assemblers using small and complex genomes in a multicore
system. Generally, Shasta’s assembly of ONT datasets results in lower
CPU usage while maintaining a significant commitment to quality. It
also shows improvement over Miniasm, whose computation time ap-
proaches that of HiFi pipelines (Fig. 4). For the assembly of HiFi data-
sets, we observe that Hifiasm has a lower CPU consumption for the
assembly of long and complex genomes (Table 4). HiCanu exhibits lower
CPU usage for less complex genomes like E. coli and S. pombe but in-
creases dramatically with more complex genomes like H. sapiens, as
shown in Fig. 4. Conversely, the hybrid assembly using long and short
reads reported by Wengan for the assembly of the diploid genome of
D. melanogaster does not entail an additional computational cost
compared to HiCanu and Hifiasm (less than 40 CPU hours compared to
246 and 460 reported by Hifiasm and HiCanu, respectively). However,
this trend changes when the genome’s complexity increases, as seen
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Fig. 3. Correctness analysis for the evaluation of hybrid and non-hybrid strategies based on alignments between the human genome reference (GRCh38) and the

assembly of the diploid cell line of H. sapiens (HG002).
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Table 4

CPU and memory usage for hybrid and non-hybrid assemblies measured for the assembly of haploid and diploid genomes.

Organims Assembler CPU time (h) Elapsed time (h) CPU Efficiency (%) Peak RSS (GB)
E.Coli k12 HiCanu 5:19 0:20 67 4.06

E. coli k12 Hifiasm 16:52 0:35 90.35 4.654
S. pombe Shasta 1:16 0:05 48.73 22.81
S. pombe Miniasm 17:50 1:18 *81.19 64.04
S. pombe HiCanu 27:43 0:31 78.39 4.23

S. pombe Hifiasm 113:42 3:51 92.45 17.382
D. melanogaster Shasta 165:11 5:59 86.21 80.74
D. melanogaster Miniasm 263:34 10:03 *82.36 71.54
D. melanogaster HiCanu 460:53 1:55 77 18.82
D. melanogaster Hifiasm 246:08 8:15 93.17 47.877
D. melanogaster Wegan (PacBio CLR + ILL) 30:27 1:07 84.90 24.20
D. melanogaster Wegan (Nanopore-+ILL) 20:13 1:06 57.82 7.17
D. melanogaster Wengan (Nanopore+HiFi) 176:58 24:28 22.60 24.82
S. tuberosum HiCanu 482:06 2:19 74.81 12,74
S. tuberosum Hifiasm 75:03 2:36 90.37 34.88
H. sapiens Shasta 33:39 1:44 60.88 354.77
H. sapiens Miniasm 1212:50 61:24 *86.53 772.25
H. sapiens HiCanu 1333:52 4:21 67,25 125.1
H. sapiens Hifiasm 275:15 9:49 87.48 118.04
H. sapiens Wegan (Nanopore+ILL) 372:00 15:44 73.98 1320
H. sapiens Wegan (Nanopore+HiFi) 869:00 108:58 24.92 94.25
H. sapiens Verkko (Nanopore+HiFi) 495:14 51:15 77.11 40.37

with H. sapiens, where the computational cost increases dramatically
(872 CPU hours for the assembly from ONT and Illumina vs. 275 h spent
by Hifiasm). Similarly, assembly from only long reads with improved
sequencing quality and sequencing depth results in a remarkable in-
crease in computational cost (869 CPU hours compared to 372 h for the
assembly from ONT and Illumina). Despite this increase, the

computational cost involved in the hybrid assembly is lower than that
used by HiCanu. This trend is also evident in the assembly with Verkko,
where the CPU time is kept at 495 h when we omit the correction step
with Canu. Moreover, HiCanu has higher thread parallelism with respect
to Hifiasm and the two hybrid assemblers by taking advantage of
process-level parallelism through the use of array jobs. It is more
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prominent in the overlap step where the number of used cores is con-
figurable and the size of the array jobs is significantly high and pro-
portional to the genome size.

In contrast, Hifiasm takes advantage of data-level parallelism
through the use of Intel SSE vector instructions which allows an efficient
implementation of the Myer bit-vector algorithm used to compute the
distance between reads. It decreases the latency and consequently the
memory access time by the CPU which is reflected in CPU consumption
used in the different assemblies. In the same way, despite the high
thread-level parallelism presented by HiCanu, due to the large number of
processes generated in the array jobs, it is noted that the speed up grows
slowly as the number of CPUs increases respect to the results of Hifiasm
(Fig. 4). Likewise, we observe that the CPU efficiency with Shasta is in
general low (reached 86.21% in D.melanogaster and decrease to 60.88%
and 48.73% in H.Sapiens and S.pombe respectively). This behavior is also
observed in Wengan which presents different values in based on the
mode and the genome. In this sense, we conclude that the complexity of
the genome as well as the type of reads have a direct influence on it. In
the case of Miniasm, it remains constant and Verkko reaches values close
to Wengan (77.11% vs. 74%). On the other hand, in HiFi pipelines, it
tends to decrease as the complexity increases. Also, we appreciate that
the CPU performance is lower in HiCanu than Hifiasm (which maintains
good CPU performance). We observe that it is explained by the existence
of tasks with low parallelism levels, which do not have an impact on the
final time due to the low CPU consumption. It also happens with Verkko,
which reaches 99% CPU performance in some stages (e.g., graph pro-
cessing) and decreases to 4% in the index of the graph.

Finally, in the hotspot analysis of the most time-consuming steps in
Hifiasm and HiCanu, we find that the overlap computation consumes
most of the CPU time, growing larger with the genome size. In this sense,
we note that even though Hifiasm achieves a remarkable speed up in the
chaining step with respect to HiCanu, it is still very time-consuming. We
observe that the CPU time increases dramatically as the complexity of
the genome grows, due to the large rise in the number of read com-
parisons. This fact can lead to a computing bottleneck when processing
large and complex genomes in systems with limited hardware support
for thread-level parallelism.

3.5.2. Memory footprint

The length of the reads as well as the number of reads have a direct
effect on the memory footprint depending on the assembly algorithm
used. This fact not only has an impact on the choice of the algorithm but
also on the choice of the most suitable architecture. Regarding DRAM
memory usage, the assembly, in general, leads to an increase in the
memory footprint as the length of the genome or ploidy level grows
(shown in Table 4). The memory footprint of HiCanu is relatively small
regarding disk usage, as it works mainly with data on disk. Otherwise,
the memory usage would be extremely huge. On the contrary, Hifiasm
works mainly with data on memory, limiting the disk usage to the initial
reading of sequencing files and the final writing of the resulting as-
sembly. This fact boosts performance. It is also observed that, in some
steps, HiCanu have an inefficient behavior when using files that only
need to be accessed locally and are stored in a distributed file system.

In the assembly of ONT datasets, we observe that Shasta and Miniasm
impact on the memory footprint with a consumption of 354.77 GB and
772.25 GB respectively in the assembly of H.sapiens, versus 118.04 GB
consumed by Hifiasm. It is exceeded by Wengan which reaches 1.32 TB in
the assembly oh H. sapiens from ONT and Illumina datasets, five times
larger than Shasta. Also, it can be seen that the memory footprint in-
creases dramatically with the length of the genome and the sequencing
deep. We observe it in the assembly of D.melanogaster, where the DRAM
memory usage remains below the DRAM spent by Hifiasm. We can
conclude that Hifiasm presents a more affordable memory footprint.
However, the processing of generated sub-sequences and the post-
processing of overlapping sequences result in a huge memory foot-
print. We note that the read comparison and the building of the assembly
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graph result in a peak memory explosion, generating a large data
movement between the memory and processor.

The jobs were configured with 32 CPUs. *Because Miniasm has no
thread-level parallelism, the actual time of Miniasm is determined by the
performance of Minimap2 which establishes the overlaps between the
reads*.

4. Discussion

We find that the emergence of high-quality long reads from PacBio
has a significant impact on genome assembly in terms of both assembly
quality and computational cost [31-33]. However, assembly from short
reads or noisy long reads with high error levels presents significant
computational challenges [33-35]. Hybrid assembly and the new ONT
technology [36] have emerged as potential alternatives that could
improve the accuracy of the assembly. When evaluating assembly
quality, we observe that the assemblies produced by Hifiasm and HiCanu
have higher contiguity than those produced by ONT datasets and hybrid
assemblies, particularly in the assembly of H. sapiens. This may be due to
the inability to resolve the presence of highly repetitive regions in
complex genomes where the presence of very similar copies could lead
to a high number of ambiguous and unresolvable paths in the assembly
graph [37]. Also, highly heterozygous regions may be difficult to resolve
and may result in fragmented regions or gaps in the assembly. Hifiasm
generally reportes longer and more uniformly distributed contigs than
HiCanu, but in homozygous genomes (e.g., D. melanogaster and
S. tuberosum), the number of contigs reported by Hifiasm is notably
higher. However, Hifiasm also produces contigs larger than the refer-
ence, potentially indicating misjoins that could be misleading [38].

In the correctness evaluation, we find that the number of mis-
assemblies in the assembly’s alignment to a reference is similar in both
assemblies. However, these values increase dramatically in the assembly
of S. tuberosum for both Hifiasm and HiCanu, possibly due to the presence
of complex repeat structures. The genome of S. tuberosum [39,40] con-
tains a high proportion of repetitive sequences and the presence of these
repeat structures can lead to misassemblies, as the assembler may have
difficulty in resolving the correct order and orientation of the repeats. It
also could be influenced by a large number of single nucleotide poly-
morphisms (SNPs) and structural variations (SVs) between the two ho-
mologous chromosomes present in the genome. Interestingly, although
the number of contigs that do not align partially and completely is high
in ONT and hybrid assemblies, the number of misassemblies is greatly
reduced in the assembly of H. sapiens, with fewer mismatches reported.
These results are confirmed by the alignment against the reference,
where the number of low translocations found in the alignment of the
assembly performed by hybrid pipelines and Shasta with the reference
indicates quality in the correctness analysis. However, repeats may also
cause the assembler to over-split the genome, resulting in a higher
number of contigs but with fewer inversions due to the fragmentation of
the genome. In this sense, the low contiguity presented by these as-
semblers could mask the presence of these translocations.

When searching for universal single-copy orthologs in the assembled
genomes, we find that Hifiasm and HiCanu in general show low frag-
mentation with respect to the other assemblers. However, we observe
low completeness in the assembly of the genome of S. pombe from Hifi
and ONT pipelines. This fact combined with the number of mis-
assemblies could be explained by the presence of repetitive DNA se-
quences and transposable elements in the genome or the heterozygosity
which can occur in haploid genomes due to the accumulation of muta-
tions and may lead to difficulties in assembling the genome.

From a computational standpoint, high-fidelity long reads have
made it possible to reduce the computational cost of genome assembly
[41,42], which was previously unapproachable for long and complex
genomes. One example of this improvement is the addition of HiCanu to
the Canu package [27]. The assemblers Hifiasm and HiCanu have both
successfully overcome significant computational challenges. Our
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analysis of both assemblers shows that while Hifiasm uses less CPU as the
length and complexity of the genome increases, it also has a reduced
memory footprint, particularly in the overlap step. Despite the
compulsive parallelism implemented by HiCanu using array jobs,
Hifiasm still exhibits moderate CPU usage. We also note that the modi-
fied Myer algorithm implemented by Hifiasm, which performs overlap
alignment of all-vs-all, shows improvements compared to the MHAP
[43] strategy implemented by Canu and HiCanu, involving the exploi-
tation of bit-level parallelism [44]. However, the overlap step is still the
major performance bottleneck. Furthermore, the combined use of long
and short reads at low coverage only slightly increases computation time
compared to Hifiasm, albeit with a larger memory footprint. However,
the combined use of long reads significantly increases CPU usage,
especially in the hybrid assembly of H. sapiens from HiFi and ONT reads,
resulting in substantially longer wall time (e.g., 108 h for the assembly
of H. sapiens from ONT and HiFi reads, versus 9 h for Hifiasm). As a
result, genome assembly using high-fidelity long reads still presents
computational challenges, which are further exacerbated when imple-
menting a hybrid assembly to increase fidelity and sequencing depth.

In general, the performance analysis of different assemblers high-
lights the limitations of available assemblers for processing large and
complex genomes. Additionally, the study of scalability demonstrates
the application of Amdahl’s law. However, as sequencing data grows,
solutions that exploit multicore systems will inevitably be limited by
Moore’s law [45]. Therefore, it is necessary to approach the inherent
computational cost of genome assembly from a different perspective.
This includes implementing and improving new techniques, as well as
designing new architectures that efficiently support applications. One
potential solution is to adopt computing paradigms such as data-centric
computing, near-data processing, and processing in memory. These
approaches have been proposed for processing large, data-intensive
applications like machine learning [46-49] and graph processing algo-
rithms [50-52]. They could mitigate data movement and reduce mem-
ory latency. Additionally, data-level parallelism could be increased by
using larger registers available in AVX-512-capable processors [53-55],
which would allow for more comparisons per sequence processed
simultaneously. This would be particularly useful for long sequences,
which are currently limited in the number of comparisons that can be
made simultaneously. By shifting to these paradigms, it is possible to
accelerate the genome assembly pipeline and increase scalability with
long and complex genomes. Utilizing memories with ultra-high band-
width could also help to achieve these goals.

5. Conclusion

Genome assembly is a resource-intensive process that requires
careful consideration of the sequencing technology, depth, and assem-
bler used. Long-read sequencing technologies have shown promise in
improving assembly quality while reducing computational costs, but
their higher sequencing costs and lower quality raise questions about the
need for hybrid strategies. Our study find that Hifiasm and HiCanu have
an higher computational cost compared to the novel assembler Shasta.
However, Hifiasm is more suitable for complex genome assembly from
both biological and computational perspectives. We also observe that
hybrid assembly strategies, such as Wengan and Verkko, show lower
contiguity and higher computational costs as the genome complexity
increased. While HiFi reads can provide high-quality de novo assembly
at an affordable cost, our results suggest the need for further improve-
ments in hybrid strategies to achieve more precise assemblies.
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