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What is the outcome of sequencing? 

What comes out of the sequencing 
apparatus/machine?

Sequence reads are the raw data and the 
output of the sequencing machine



Do all sequencing methods have identical 
sequence reads?

the read is 99.9% (Q30).  As the read length progresses, 
the raw accuracy is kept at 99.7% near the middle of 
the 100 bases read and is nicely maintained over 99% 
(Q20) at the end of the 100 bases read. The same single 
sequencing run yielded more than 99.97% of consensus 
accuracy and covered more than 99.99% of the E.coli 
genome.  The insert within Figure 4 shows the length 
distribution of the reads demonstrating the predomi-
nance of full length reads.

Stretches of the same nucleotide sequence, also known 
as homopolymer stretches, are also detected at a very 
high accuracy.  A 5-mer is currently called with greater 
97.5% per base accuracy (Figure 5A). The rarity of 
homopolymers of 6 bases of longer makes statistical 
analysis di!cult (Figure 5B). An example of a single 
read containing a homopolymer 8 bases long shows a 
signal intensity very close to an integer value of 8 and 
as a consequence, the sequence was called correctly. 

Improvements in software algorithms, molecular 
biology protocols, and manufacturing processes will 
continue driving improvements in the accuracy of semi-
conductor sequencing.

Figure 5. A & B - Homopolymer Accuracy 
Panel A - RED LINE- Data generated from a single run of an Ion 314 chip using E. coli DH10B. 
The same primary data used in Figure 4 was analyzed to measure raw per base accuracy in homopolymer stretches with Torrent Suite software v1.3.0.  Raw accuracy rates 
are listed on the Y-axis and the length of the homopolymer stretch is represented on the X-axis. 
Panel B - BLUE LINE – Incident rate of homopolymers of various lengths in E. coli DH10B. 

Question: How does Ion Torrent measure accuracy?  

Answer:  Accuracy metrics are calculated either through 
prediction algorithms or through actual alignment to 
a known reference genome. Predicted quality scores 
are derived from algorithms that look at the inherent 
properties of the input signal and make fairly accurate 
estimates regarding if that one base will align. Predicted 
quality is useful to filter and remove lower quality reads 
prior to downstream alignment. However predicted Q 
scores are only as good as their prediction algorithm. 
Ion Torrent also calculates accuracy based on proper 
alignment using a reference genomic sequence.  This 
measurement is what we refer on this document as “raw 
accuracy. This is single pass accuracy implying that we 
are measuring the true per base error associated with 
a single read, not consensus accuracy, which measures 
the error rate from the consensus sequence which is 
the result of multiple reads. Within the Analysis Report, 
raw accuracy is labeled with “AQ” for aligned quality. The 
Phred-like Q score measures accuracy on logarithmic 
scale that:  Q10 = 90%, Q20= 99%, Q30 = 99.9%, Q40 = 
99.99%, and Q50 = 99.999%

A B

Figure 6:  Ionogram showing a single perfect read containing a homopolymer of length 8 near the 140 flow within the semiconductor sequencing run.  The X axis shows the 
flow number.  The Y axis displays the intensity of the processed voltage signal against the integer values of increasing base pairs.

SIMULTANEOUS EPIGENETIC CHARACTERIZATION

DNA polymerization rate is slowed when the polymerase encounters a modified base in the template. 
Detection of this slowed incorporation rate can be used to infer the presence of bases in the template 
other than A, C, T or G. This information is automatically generated and processed during every run.

- Directly detect DNA base modifications using polymerase kinetics



Regardless to the sequencing 
method used, the most 
important outputs are:

1) The identity of a nucleotide 

2) Confidence of the call (quality)



Are all nucleotides calls in a sequence 
read correct and trustworthy?
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Are all sequence reads equal in length?



Do you remember the average sequence 
read’s length across sequencing 

methods?
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 Abstract: Background: Error Correction is an important task in the analysis and manipulations of NGS 
data. The purpose of error correction is to facilitate data analysis for large projects like de novo 
assembly project. Here we present a new hybrid algorithm for error correction of long reads using short 
reads. Our algorithm can be flexibly adapted to different types of errors. Next, we make a de novo 
assembly for corrected long reads. 

Objective: We present MiRCA (MinIon Reads Correction Algorithm) a hybrid approach based on the 
sequences alignments that detects and corrects errors for MinIon long reads using Illumina short reads. 

Methods: In our approach, we operate in four steps. First, we make a Quality Control and Cleaning 
data. Second, we use the contig forming for the Pre-Error Correction Step. Third, we use the alignment 
to align pre-assembled contig to long reads and we use this alignment to correction erroneous long 
reads. Finally, we do an assembly for the corrected long reads. 

Results: The results of mapping of S.cerevisaeW303 and E.coli genomes shows that our error correction 
approach produce a high quality long reads with mapping rate ~99% to the reference genome in 
reasonable time. For denovo assembly, the corrected long reads gives good assembly in a short running 
time compared to other error correction tools. 

Conclusion: MiRCA is a new hybrid approach that detects and corrects errors. It uses an alignment-
based approach using pre-assembled short reads as a reference to correct nanopore long reads. The 
experimental evaluation of the corrected long reads on the reference genome of S. cerevisae and E.coli 
shows that MiRCA ensures best error correction compared to existing related works. 
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1. INTRODUCTION 

The appearance of new sequencing technologies also 
called Next Generation Sequencing (NGS) technologies 
(second, third and even fourth generations) that produce data 
at a higher throughput and a lower cost than traditional 
sequencing approach called Sanger sequencing technology 
that appeared in the mid 70’s [1], have led to the success of 
many genome sequencing projects such as resequencing, de 
novo assembly projects, metagenomics and gene expression 
analysis leading a better understanding and appreciation of 
the species evolution process and living beings. 

Since the first generation sequencing technology i.e. 
Sanger, the number of sequencing technologies has increased 
and many sequencing technologies have been developed  
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of Information and Communication and Electrical Engineering National 
Superior School of Engineers of Tunis, University of Tunis, Tunisia;  
Tel: +216 55 200462; E-mail: mourad.elloumi@gmail.com 

called NGS, including Roche's 454 Life Sciences technology 
in 2005 [2], Illumina/Solexa sequencing technology [3, 4] in 
2006, which produces good quality short reads, Applied 
Biosystems Solid [5] technology in 2007, Helicos 
BioSciences [6, 7], Ion PGM from Ion Torrent [8] in 2010, 
Pacific Bioscience [9] and Oxford Nanopore Sequencing 
Technology in 2014 known by the new sequencing platform 
MinIon[10, 11]. Table 1 shows the characteristics and 
properties of various existing sequencing technologies. 

Despite their low cost and the high throughput, NGS 
technologies have their own drawbacks mainly “Sequencing 
Errors”. Sequencing errors defined as the mistakes found in 
the reads generated by NGS platforms making the treatment 
and the analysis of these data difficult. Understanding the 
properties of the NGS data is important to improve the 
accuracy of the sequence and to have high quality reads. 

Error Correction is an important task in the analysis and 
manipulations of NGS data. It constitutes in the detection and the 
repair of errors in reads by exploiting the redundancy of data and 
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tries to judge each base in a read as correct or incorrect, this 
correction is made by using the high data i.e. reads coverage 
from Next Generation sequencers to correct the erroneous bases 
in reads. The purpose of error correction is to facilitate data 
analysis for large projects like de novo assembly project. 

There are three different types of errors: Substitutions, 
Deletions and Insertions. These types of errors are most 
generated by NGS platforms and the distribution of error 
types varies from one sequencing platform to another (See 
Table 1). In this paper we propose a new hybrid algorithm 
for error correction of long reads using short reads as a 
reference to correct the long reads. Our algorithm can be 
flexibly adapted to different types of errors. Next, we make a 
de novo assembly for corrected long reads. 

In the second section we introduce the new sequencing 
technology MinIon. Then, we present a state of the art on the 
correction errors approaches for NGS data. In the fourth part, 
we detail our hybrid approach for error correction. We 
present the data sets used and the results of experiments to 
evaluate our error correction approach in the fourth section. 
Next, an assembly is made for corrected reads generated by 
MiRCA and we present a comparison with other similar 
tools. Finally, we conclude our paper. 

2. METHODS 

2.1. Minion Sequencing Technology 

The Nanopore sequencing method was developed as a 
technique to determine the order of nucleotides in a DNA 
sequence. In 2014, Oxford Nanopore Technologies released the 
MinION [12] device that promises to generate longer reads that 
will ensure a better resolution structural genomic variants and 

repeat content [13]. It’s a mobile single-molecule Nanopore 
sequencing measures four inches in length and is connected by a 
USB 3.0 port of a laptop computer. 

In MinIon sequencer, sequencing is made as follows: the 
first strand of a DNA molecule is linked by a hairpin to its 
complementary strand and sequenced consecutively. When the 
strands are sequenced correctly, a consensus sequence of the 
forward and reverse reads can be constructed, which is more 
accurate; these are the “2D” reads. Where this cannot be 
achieved e.g. where the hairpin is missing, or there is 
insufficient complementary strand, the reads are “1D” [13, 14]. 
Among the advantages offered by this sequencer it’s low cost 
and small size. The library construction involves a simplified 
method, no amplification step is needed, and data acquisition 
and analyses occur in real time. The sample is loaded into a 
port on the device and data is displayed on the screen and 
generated without having to wait till the run is complete. 

Studies have been made on the sequencer MinIon [15] 
[16] and showed that MinIon produces a very high error rate 
(generally about ~ 12% distributed about ~ 3% mismatchs, ~ 
4% insertions and ~ 5% deletions [13]) and produces error 
types: substitutions, insertions and deletions with variable 
error rate, which clearly exceeds PacBio sequencer. Existing 
assembly tools are not appropriate for an assembly of long 
reads with a high error rate and also are not adapted to an 
assembly of Minion reads; this opened a perspective to new 
ideas and motivated the need to develop new tools and 
approaches of error correction of these long reads. We use 
long reads generated by the Minion sequencer and we will 
try to correct these reads by mixing high quality short reads 
generated by the Illumina sequencer and finally we will 
make an assembly of these long reads after their correction. 

Table 1. Characteristics of sequencing technologies. 

Sequencing 
Technology 

Average Read 
Length (pb) Run Time Advantages Drawbacks Error Types Year 

First Generation 

Sanger ~1000 ~2 Hours Long individual read lenght First sequencing technology 
and expensive cost. 

Insertion - Deletion 
- Substitution 1977 

Second Generation 

Roche 454 700 24 Hours Long read length High error rate and 
expansive runs Insertion - Deletion 2005 

Illumina/Solexa 2*(36 to 100) 
paired-end 

6 Days or 
2 Days in rapid 

mode 
Low cost and low error rate Long run time Substitution 2006 

AB SOLID 85 8 Days Low cost per base and low 
error rate Very long run time Substitution 2007 

Helicos Biosciences 55 Depending on 
read length Low error rate Long Run time Insertion - Deletion 2009 

Ion Torrent 400 2 Hours Short run time and Less 
expansive equipment High error rate Insertion - Deletion 2010 

Third Generation 

Pacific Biosciences 3000 (and up to 
15000) 

20 Min to 4 
Hours 

Longest read length and 
fast run time High error rate Insertion - Deletion 2010 

Oxford Nanopore 
(MinIon) 9545 < 6 Hours Long read; small cost USB 

device High error rate Insertion – Deletion 
- Substitution 2014 

 



Does the number of reads resulting from 
sequencing a genome differs between 

sequencing technologies?



Does the number 
of reads resulting 
from sequencing 
a genome differs 

between 
sequencing 

technologies?

Genomics is extending its reach into diverse fields of 
biomedical research from agriculture to clinical diag-
nostics. Despite sharp falls in recent years1, sequencing 
costs remain substantial and vary for different types of 
experiment. Consequently, in all of these fields inves-
tigators are seeking experimental designs that gener-
ate robust scientific findings for the lowest sequencing 
cost. Higher coverage of sequencing (BOX 1) inevitably 
requires higher costs. The theoretical or expected cover-
age is the average number of times that each nucleotide 
is expected to be sequenced given a certain number of 
reads of a given length and the assumption that reads 
are randomly distributed across an idealized genome2. 
Actual empirical per-base coverage represents the exact 
number of times that a base in the reference is covered 
by a high-quality aligned read from a given sequenc-
ing experiment. Redundancy of coverage is also called 
the depth or the depth of coverage. In next-generation 
sequencing studies coverage is often quoted as average 
raw or aligned read depth, which denotes the expected 
coverage on the basis of the number and the length 
of high-quality reads before or after alignment to the 
reference. Although the terms depth and coverage can 
be used interchangeably (as they are in this Review), 
coverage has also been used to denote the breadth of 
coverage of a target genome, which is defined as the 
percentage of target bases that are sequenced a given 
number of times. For example, a genome sequencing 
study may sequence a genome to 30× average depth 
and achieve a 95% breadth of coverage of the reference 
genome at a minimum depth of ten reads.

An ideal genome sequencing method would fault-
lessly read all nucleotides just once, doing so sequen-
tially from one end of a chromosome to the other. 
Such a perfect approach would ensure that all poly-
morphic alleles within diploid or polyploid genomes 
could be identified, and that long identical or near-
identical repetitive regions could be unambiguously 
placed in a genome assembly. In real-world sequenc-
ing approaches, read lengths are short (that is, ≤250 
nucleotides) and can contain sequence errors. When 
considered alone, an error is indistinguishable from 
a sequence variant. This problem can be overcome 
by increasing the number of sequencing reads: even 
if reads contain a 1% variant-error rate, the combina-
tion of eight identical reads that cover the location of 
the variant will produce a strongly supported vari-
ant call with an associated error rate of 10−16 (REF. 3). 
Increased depth of coverage therefore ‘rescues’ inad-
equacies in sequencing methods (BOX 1). Nevertheless, 
generating greater depth of short reads does not cure 
all sequencing ills. In particular, it alone cannot resolve 
assembly gaps that are caused by repetitive regions 
with lengths that either approach or exceed those of 
the reads. Instead, in the paired-end read approach, 
paired reads — two ends of the same DNA molecule 
that are sequenced and which are separated by a known 
distance — are used to unambiguously place repetitive 
regions that are smaller than this distance.

Sequencing is enriching our understanding not 
only of genome sequence but also of genome organiza-
tion, genetic variation, differential gene expression and 
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Depth
The average number of times 
that a particular nucleotide is 
represented in a collection of 
random raw sequences.

Sequencing depth and coverage: key 
considerations in genomic analyses
David Sims, Ian Sudbery, Nicholas E. Ilott, Andreas Heger and Chris P. Ponting

Abstract | Sequencing technologies have placed a wide range of genomic analyses within the 
capabilities of many laboratories. However, sequencing costs often set limits to the amount 
of sequences that can be generated and, consequently, the biological outcomes that can be 
achieved from an experimental design. In this Review, we discuss the issue of sequencing 
depth in the design of next-generation sequencing experiments. We review current 
guidelines and precedents on the issue of coverage, as well as their underlying considerations, 
for four major study designs, which include de novo genome sequencing, genome 
resequencing, transcriptome sequencing and genomic location analyses (for example, 
chromatin immunoprecipitation followed by sequencing (ChIP–seq) and chromosome 
conformation capture (3C)).
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diverse aspects of transcriptional regulation, which 
range from transcription factor-binding sites to the 
three-dimensional conformation of chromosomes. As 
these areas of genome research often adopt markedly 
different sequencing depths (FIG. 1), we review this issue 
for each area in turn. First, we examine current best 
practice in de novo genome sequencing and assembly. 
We then proceed to consider genome resequencing 
and targeted resequencing approaches, particularly 
whole-exome sequencing (WES). Second, we discuss 
the rapidly evolving area of transcriptome sequencing, 
specifically the different considerations that are needed 
for transcript discovery compared with the analyses of 
differential expression and alternative splicing. Finally, 
we explore a range of methodologies that identify the 
genomic sites of transcription factor binding, chromatin 
marks, DNA methylation and spatial interactions that 
are revealed by chromosome conformation capture (3C) 
methods. We discuss experimental considerations that 
are relevant to sequence depth, which are required for the 

generation of high-quality, unbiased and interpretable  
data from next-generation sequencing studies.

De novo genome sequencing
The major factors that determine the required depth in  
a de novo genome sequencing study are the error rate of the  
sequencing method, the assembly algorithms used,  
the repeat complexity of the particular genome under 
study and the read length. Genomes that have been 
sequenced to high depths by short-read technologies 
are not necessarily a substantial improvement in assem-
bly quality compared with those produced using the 
earlier lower-coverage Sanger sequencing technology. 
Although the human genome was initially assembled 
to high quality with 8–10-fold coverage using long-read 
Sanger sequencing2, a raw coverage of ~73-fold was 
required to generate the first short-read-only assembly 
of the giant panda genome that was of lower quality 
than the human genome4. A similarly low coverage 
(~7.5-fold) dog genome, which is similar in size to that 
of the giant panda and was assembled using Sanger 
sequencing reads, is more complete and more contigu-
ous than the giant panda genome3. These differences 
arise because Sanger sequencing reads are longer, are 
derived from larger insert libraries and can be assembled  
using mature assembly algorithms3.

High-quality assemblies are now often produced 
using hybrid approaches, in which the advantages of 
high-depth, short-read sequencing are complemented 
with those of lower-depth but longer-read sequencing. 
For example, sequencing the draft assembly of the wild 
grass Aegilops tauschii was a considerable challenge 
owing to its large size (4.4 Gb) and to the fact that two-
thirds of its sequence consists of highly repetitive trans-
posable element-derived regions5. The draft genome 
was successfully assembled first into short fragments 
(that is, contigs) using 398 Gb (that is, a 90-fold cov-
erage) of high-quality short reads from 45 libraries 
with insert sizes between 0.2 kb and 20 kb, and these 
fragments could then be linked into longer scaffolds 
using paired-end read information. Gaps between con-
tigs predominantly contained repetitive sequence, the 
unique placement of which posed difficulties. These 
gaps were filled in using a subsequent addition of 
18.4 Gb (that is, a fourfold coverage) of Roche 454 long 
reads. A recently introduced approach to sequencing 
repeat-rich genomes is to barcode and sequence to an 
average of 20× depth all reads that are derived from each 
of many collections of hundreds or thousands of short 
(6–8 kb) DNA fragments6. By assembling each collec-
tion separately, many otherwise confounding repetitive 
sequences of the Botryllus schlosseri tunicate genome 
were resolved. By applying approaches that are comple-
mentary in aspects such as read lengths and coverage 
biases, hybrid library and assembly methods are likely 
to dominate in the near future7,8.

Twofold coverage and lower-quality assemblies have 
been produced using Sanger sequencing for a selection 
of mammalian genomes to identify sequences that are 
conserved in eutherian species, including humans9. The 
Lander–Waterman approach (BOX 1) predicts that ~86% 

Box 1 | Sequencing coverage theory

Much of the original work on sequencing coverage stemmed from early genome 
mapping efforts. In 1988, Lander and Waterman96 described the theoretical 
redundancy of coverage (c) as LN/G, where L is the read length, N is the number of 
reads and G is the haploid genome length. The figure shows the theoretical coverage 
(shown as diagonal lines; c = 1× or 30×) according to the Lander–Waterman formula for 
human genome or exome sequencing. The coverage that is achieved by sequencing 
technologies according to the manufacturers’ websites is also indicated (see the 
figure). Unfortunately, biases in sample preparation, sequencing, and genomic 
alignment and assembly can result in regions of the genome that lack coverage (that is, 
gaps) and in regions with much higher coverage than theoretically expected. GC-rich 
regions, such as CpG islands, are particularly prone to low depth of coverage partly 
because these regions remain annealed during amplification97. Consequently, it is 
important to assess the uniformity of coverage, and thus data quality, by calculating 
the variance in sequencing depth across the genome98. The term depth may also be 
used to describe how much of the complexity in a sequencing library has been 
sampled. All sequencing libraries contain finite pools of distinct DNA fragments. In a 
sequencing experiment only some of these fragments are sampled. The number of 
these distinct fragments sequenced is positively correlated with the depth of the true 
biological variation that has been sampled.

GAIIx, Genome Analyzer IIx; PacBio, Pacific Biosciences; PGM, personal genome machine.Nature Reviews | Genetics
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Pistachio genomes provide insights into nut tree
domesticationandZWsexchromosomeevolution
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Val Muñoz7,8, Agnes Hotz-Wagenblatt9, Xiangjia Jack Min10, Hakan €Ozkan11,
Elmira Ziya Motalebipour1, Hatice Gozel12, Nergiz Çoban12, Nesibe Ebru Kafkas1,
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ABSTRACT

Pistachio is a nut crop domesticated in the Fertile Crescent and a dioecious species with ZW sex chromo-
somes. We sequenced the genomes of Pistacia vera cultivar (cv.) Siirt, the female parent, and P. vera cv.
Bagyolu, the male parent. Two chromosome-level reference genomes of pistachio were generated, and
Z and W chromosomes were assembled. The ZW chromosomes originated from an autosome following
the first inversion, which occurred approximately 8.18 Mya. Three inversion events in the W chromosome
led to the formation of a 12.7-Mb (22.8% of the W chromosome) non-recombining region. These
W-specific sequences contain several genes of interest that may have played a pivotal role in sex determi-
nation and contributed to the initiation and evolution of a ZW sex chromosome system in pistachio. The
W-specific genes, including defA, defA-like, DYT1, two PTEN1, and two tandem duplications of six
VPS13A paralogs, are strong candidates for sex determination or differentiation. Demographic history anal-
ysis of resequenced genomes suggest that cultivated pistachio underwent severe domestication bottle-
necks approximately 7640 years ago, dating the domestication event close to the archeological record
of pistachio domestication in Iran. We identified 390, 211, and 290 potential selective sweeps in 3 cultivar

Published by the Plant Communications Shanghai Editorial Office in
association with Cell Press, an imprint of Elsevier Inc., on behalf of CSPB and
CEMPS, CAS.
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What is the effect of sequence length on 
genome assembly?



What is the total length of combined sequence 
reads in relation to the genome size?



Genome assembly: An analogy





What do we need to assemble a genome under 
a hierarchical strategy? 

1) Ordered clones 

2) Paired-end sequences of segments 

3) Computational assembly



What do we need to assemble a genome under 
a whole-genome shotgun strategy? 

1) Single-end or paired-end sequences 

2) Perform de-novo assembly



What does ordered clones and paired-end 
sequence provide us?

Order clones and paired-end sequences provide 
map to assemble large genomic fragments



How exactly can we assemble sequences or 
stitch sequence reads together?

Computational assembly: looking at overlapping 
aligned sequence reads to get longer sequences 

(stitched pieces)



Sequence coverage/depth

70bp

37bp
42bp

44bp
40bp

32bp
18bp

15bp

1 2 3 4 5
4 5

4 5
4

3
2

1

Local coverage

= 70bp =37+42+44+40+32+18+15bpSequence 
coverage

= 3.26X228bp
70bp

21bp 1+1+1+2+2+2+2+2+2+3+3+3+3+3+3+3+3+4+4=47
2.24X



Sequence coverage/depth

= size of the genome =Total sequences generatedSequence 
coverage

= 5X480Mb
96Mb

The size of the genome of X species is 96Mb. Its genome 
was sequenced using Illumina sequencing generated a total 
of 480 Mb. What is the sequence coverage of X genome? 



What do we need to align sequence reads and 
stitch them together? 

1) A method of alignment 

2) a test of the significance of the alignment 

Information theory!



Using a method of 
alignment, we order and 

connect overlapping 
sequence reads. 

Contigs: the result of 
ordering, aligning, and 

connecting sequence read.



What is a contig?



Scaffolds: the result of ordering, aligning, and 
connecting contigs



What is a scaffold?



How do we connect 
disconnected 

contigs? 

Use molecular 
markers that order the 
contigs or identify BAC 
clone the fills the gap 



How many contigs are needed to assemble 
a genome? 

It depends on, 

1) Type of the genome 

2) Type of sequencing technology



How can we assess the quality of a genome 
assembly? 

1) Completeness 

2) Correctness 

3) Contiguity
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HUMAN GENOMICS

The complete sequence of a human genome
Sergey Nurk1†, Sergey Koren1†, Arang Rhie1†, Mikko Rautiainen1†, Andrey V. Bzikadze2, Alla Mikheenko3,
Mitchell R. Vollger4, Nicolas Altemose5, Lev Uralsky6,7, Ariel Gershman8, Sergey Aganezov9‡,
Savannah J. Hoyt10, Mark Diekhans11, Glennis A. Logsdon4, Michael Alonge9, Stylianos E. Antonarakis12,
Matthew Borchers13, Gerard G. Bouffard14, Shelise Y. Brooks14, Gina V. Caldas15, Nae-Chyun Chen9,
Haoyu Cheng16,17, Chen-Shan Chin18, William Chow19, Leonardo G. de Lima13, Philip C. Dishuck4,
Richard Durbin19,20, Tatiana Dvorkina3, Ian T. Fiddes21, Giulio Formenti22,23, Robert S. Fulton24,
Arkarachai Fungtammasan18, Erik Garrison11,25, Patrick G. S. Grady10, Tina A. Graves-Lindsay26,
Ira M. Hall27, Nancy F. Hansen28, Gabrielle A. Hartley10, Marina Haukness11, Kerstin Howe19,
Michael W. Hunkapiller29, Chirag Jain1,30, Miten Jain11, Erich D. Jarvis22,23, Peter Kerpedjiev31,
Melanie Kirsche9, Mikhail Kolmogorov32, Jonas Korlach29, Milinn Kremitzki26, Heng Li16,17,
Valerie V. Maduro33, Tobias Marschall34, Ann M. McCartney1, Jennifer McDaniel35, Danny E. Miller4,36,
James C. Mullikin14,28, Eugene W. Myers37, Nathan D. Olson35, Benedict Paten11, Paul Peluso29,
Pavel A. Pevzner32, David Porubsky4, Tamara Potapova13, Evgeny I. Rogaev6,7,38,39, Jeffrey A. Rosenfeld40,
Steven L. Salzberg9,41, Valerie A. Schneider42, Fritz J. Sedlazeck43, Kishwar Shafin11, Colin J. Shew44,
Alaina Shumate41, Ying Sims19, Arian F. A. Smit45, Daniela C. Soto44, Ivan Sović29,46, Jessica M. Storer45,
Aaron Streets5,47, Beth A. Sullivan48, Françoise Thibaud-Nissen42, James Torrance19, Justin Wagner35,
Brian P.Walenz1, Aaron Wenger29, Jonathan M. D. Wood19, Chunlin Xiao42, Stephanie M. Yan49,
Alice C. Young14, Samantha Zarate9, Urvashi Surti50, Rajiv C. McCoy49, Megan Y. Dennis44,
Ivan A. Alexandrov3,7,51, Jennifer L. Gerton13,52, Rachel J. O’Neill10, Winston Timp8,41, Justin M. Zook35,
Michael C. Schatz9,49, Evan E. Eichler4,53*, Karen H. Miga11,54*, Adam M. Phillippy1*

Since its initial release in 2000, the human reference genome has covered only the euchromatic fraction of
the genome, leaving important heterochromatic regions unfinished. Addressing the remaining 8% of the
genome, the Telomere-to-Telomere (T2T) Consortium presents a complete 3.055 billion–base pair sequence
of a human genome, T2T-CHM13, that includes gapless assemblies for all chromosomes except Y, corrects
errors in the prior references, and introduces nearly 200 million base pairs of sequence containing 1956 gene
predictions, 99 of which are predicted to be protein coding. The completed regions include all centromeric
satellite arrays, recent segmental duplications, and the short arms of all five acrocentric chromosomes,
unlocking these complex regions of the genome to variational and functional studies.

T
he current human reference genomewas
released by the Genome Reference Con-
sortium (GRC) in 2013 andmost recently
patched in 2019 (GRCh38.p13) (1). This
reference traces its origin to the publicly

funded Human Genome Project (2) and has
been continually improved over the past two
decades. Unlike the competing Celera effort
(3) and most modern sequencing projects
based on “shotgun” sequence assembly (4),

the GRC assembly was constructed from se-
quenced bacterial artificial chromosomes
(BACs) that were ordered and oriented along
the human genome by means of radiation hy-
brid, genetic linkage, and fingerprint maps.
However, limitations of BAC cloning led to
anunderrepresentation of repetitive sequences,
and the opportunistic assembly of BACs de-
rived from multiple individuals resulted in a
mosaic of haplotypes. As a result, several GRC
assembly gaps are unsolvable because of in-
compatible structural polymorphisms on their
flanks, and many other repetitive and poly-
morphic regions were left unfinished or in-
correctly assembled (5).
The GRCh38 reference assembly contains

151 mega–base pairs (Mbp) of unknown se-
quence distributed throughout the genome,
including pericentromeric and subtelomeric
regions, recent segmental duplications, ampli-
conic gene arrays, and ribosomal DNA (rDNA)
arrays, all of which are necessary for funda-
mental cellular processes (Fig. 1A). Some of the
largest reference gaps include human satellite
(HSat) repeat arrays and the short arms of all
five acrocentric chromosomes, which are repre-
sented in GRCh38 as multimegabase stretches
of unknown bases (Fig. 1, B and C). In addi-
tion to these apparent gaps, other regions of
GRCh38 are artificial or are otherwise in-
correct. For example, the centromeric alpha
satellite arrays are represented as computa-
tionally generated models of alpha satellite
monomers to serve as decoys for resequencing
analyses (6), and sequence assigned to the
short arm of chromosome 21 appears falsely
duplicated and poorly assembled (7). When
comparedwith other humangenomes,GRCh38
also shows a genome-wide deletion bias that
is indicative of incomplete assembly (8). De-
spite finishing efforts from both the Human
GenomeProject (9) andGRC (1) that improved
the quality of the reference, there was limited
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progress toward closing the remaining gaps
in the years that followed (Fig. 1D).
Long-read shotgun sequencing overcomes

the limitations of BAC-based assembly and
bypasses the challenges of structural poly-
morphism between genomes. PacBio’s multi-
kilobase, single-molecule reads (10) proved
capable of resolving complex structural varia-
tion and gaps in GRCh38 (8, 11), whereas
Oxford Nanopore’s >100-kbp “ultralong” reads
(12) enabled complete assemblies of a human
centromere (chromosome Y) (13) and, later, an
entire chromosome (chromosomeX) (14). How-
ever, the high error rate (>5%) of these tech-
nologies posed challenges for the assembly
of long, near-identical repeat arrays. PacBio’s
most recent “HiFi” circular consensus se-
quencing offers a compromise of 20-kbp read
lengths with an error rate of 0.1% (15).Where-
as ultralong reads are useful for spanning re-
peats, HiFi reads excel at differentiating subtly
diverged repeat copies or haplotypes (16).
To finish the last remaining regions of the

genome, we leveraged the complementary
aspects of PacBio HiFi and Oxford Nanopore
ultralong-read sequencing to assemble the
uniformly homozygous CHM13hTERT cell
line (hereafter, CHM13) (17). The resulting
T2T-CHM13 reference assembly removes a
20-year-old barrier that has hidden 8% of the
genome from sequence-based analysis, in-
cluding all centromeric regions and the entire
short arms of five human chromosomes. Here,
we describe the construction, validation, and
initial analysis of a truly complete human ref-
erence genome and discuss its potential im-
pact on the field.

Cell line and sequencing

As with many prior reference genome im-
provement efforts (1, 8, 17–20), including the
T2T assemblies of human chromosomes X (14)
and8 (21), we targeted a complete hydatidiform
mole (CHM) for sequencing. Most CHM ge-
nomes arise from the loss of the maternal
complement and duplication of the paternal
complement postfertilization and are, there-
fore, homozygous with a 46,XX karyotype
(22). Sequencing of CHM13 confirmed near-
ly uniform homozygosity, with the excep-
tion of a few thousand heterozygous variants
and a megabase-scale heterozygous deletion
within the rDNA array on chromosome 15
(23) (figs. S1 and S2). Local ancestry analy-
sis shows that most of the CHM13 genome
is of European origin, including regions of
Neanderthal introgression, with some pre-
dicted admixture (23) (Fig. 1A). Compared
with diverse samples from the 1000 Genomes
Project (1KGP) (24), CHM13 possesses no ap-
parent excess of singleton alleles or loss-of-
function variants (25).
We extensively sequenced CHM13withmul-

tiple technologies (23), including 30× PacBio

circular consensus sequencing (HiFi) (16, 20),
120× Oxford Nanopore ultralong-read se-
quencing (ONT) (14, 21), 100× Illumina PCR-
Free sequencing (ILMN) (1), 70× Illumina
Arima Genomics Hi-C (Hi-C) (14), BioNano

opticalmaps (14), and single-cell DNA template
strand sequencing (Strand-seq) (20) (table S1).
To enable assembly of the highly repetitive
centromeric satellite arrays and closely related
segmental duplications, we developedmethods
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Table 1. Comparison of GRCh38 and T2T-CHM13v1.1 human genome assemblies. GRCh38 summary
statistics exclude “alts” (110 Mbp), patches (63 Mbp), and chromosome Y (58 Mbp). Assembled bases include all
non-N bases. Unplaced bases are those not assigned or positioned within a chromosome. GRCh38 scaffolds
were split at three consecutive Ns to obtain the number of contigs. Contig NG50 is the largest value such that
contigs of at least this size total more than half of the 3.05-Gbp genome size. The number of exclusive genes or
transcripts is as follows: for GRCh38, GENCODE genes and transcripts not found in CHM13; and for CHM13,
extra putative paralogs that are not in GENCODE. Segmental duplication analysis is from (42). RepeatMasker
analysis is from (49). Blank spaces indicate not applicable.

STATISTICS GRCH38 T2T-CHM13 DIFFERENCE (±%)

Summary

Assembled bases (Gbp) 2.92 3.05 +4.5

Unplaced bases (Mbp) 11.42 0 −100.0

Gap bases (Mbp) 120.31 0 −100.0

Number of contigs 949 24 −97.5

Contig NG50 (Mbp) 56.41 154.26 +173.5

Number of issues 230 46 −80.0

Issues (Mbp) 230.43 8.18 −96.5

Gene annotation

Number of genes 60,090 63,494 +5.7

Protein coding 19,890 19,969 +0.4

Number of exclusive genes 263 3,604

Protein coding 63 140

Number of transcripts 228,597 233,615 +2.2

Protein coding 84,277 86,245 +2.3

Number of exclusive transcripts 1,708 6,693

Protein coding 829 2,780

Segmental duplications

Percentage of segmental duplications (%) 5.00 6.61

Segmental duplication bases (Mbp) 151.71 201.93 +33.1

Number of segmental duplications 24097 41528 +72.3

RepeatMasker

Percentage of repeats (%) 51.89 53.94

Repeat bases (Mbp) 1,516.37 1,647.81 +8.7

Long interspersed nuclear elements 626.33 631.64 +0.8

Short interspersed nuclear elements 386.48 390.27 +1.0

Long terminal repeats 267.52 269.91 +0.9

Satellite 76.51 150.42 +96.6

DNA 108.53 109.35 +0.8

Simple repeat 36.5 77.69 +112.9

Low complexity 6.16 6.44 +4.6

Retroposon 4.51 4.65 +3.3

rRNA 0.21 1.71 +730.4
. .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... ..... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... .. ... ... .. ... ... .. ... ... .. ..
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Fig. 1. Summary of the complete T2T-CHM13 human genome
assembly. (A) Ideogram of T2T-CHM13v1.1 assembly features.
For each chromosome (chr), the following information is provided
from bottom to top: gaps and issues in GRCh38 fixed by CHM13
overlaid with the density of genes exclusive to CHM13 in red;
segmental duplications (SDs) (42) and centromeric satellites
(CenSat) (30); and CHM13 ancestry predictions (EUR, European;
SAS, South Asian; EAS, East Asian; AMR, ad-mixed American).
Bottom scale is measured in Mbp. (B and C) Additional (nonsyntenic)
bases in the CHM13 assembly relative to GRCh38 per chromosome,
with the acrocentrics highlighted in dark gray (B) and by sequence
type (C). (Note that the CenSat and SD annotations overlap.) RepMask,
RepeatMasker. (D) Total nongap bases in UCSC reference genome
releases dating back to September 2000 (hg4) and ending with
T2T-CHM13 in 2021. Mt/Y/Ns, mitochondria, chrY, and gaps.
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Genome sequence completeness

The genome of X species is 2.65Gb and was sequenced 
using pyrosequencing resulting in an assembled genome 
of 2.3Gb. How much of the genome was covered with 
sequencing?

% genome sequenced =
2.30Gb
2.65Gb

x100 = 86.8%
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The diploid genome sequence of an Asian
individual
Jun Wang1,2,3,4*, Wei Wang1,3*, Ruiqiang Li1,3,4*, Yingrui Li1,5,6*, Geng Tian1,7, Laurie Goodman1, Wei Fan1,
Junqing Zhang1, Jun Li1, Juanbin Zhang1, Yiran Guo1,7, Binxiao Feng1, Heng Li1,8, Yao Lu1, Xiaodong Fang1,
Huiqing Liang1, Zhenglin Du1, Dong Li1, Yiqing Zhao1,7, Yujie Hu1,7, Zhenzhen Yang1, Hancheng Zheng1,
Ines Hellmann9, Michael Inouye8, John Pool9, Xin Yi1,7, Jing Zhao1, Jinjie Duan1, Yan Zhou1, Junjie Qin1,7, Lijia Ma1,7,
Guoqing Li1, Zhentao Yang1, Guojie Zhang1,7, Bin Yang1, Chang Yu1, Fang Liang1,7, Wenjie Li1, Shaochuan Li1,
Dawei Li1, PeixiangNi1, Jue Ruan1,7, Qibin Li1,7, Hongmei Zhu1, Dongyuan Liu1, Zhike Lu1, Ning Li1,7, GuangwuGuo1,7,
Jianguo Zhang1, Jia Ye1, Lin Fang1, Qin Hao1,7, Quan Chen1,5, Yu Liang1,7, Yeyang Su1,7, A. san1,7, Cuo Ping1,7,
Shuang Yang1, Fang Chen1,7, Li Li1, Ke Zhou1, Hongkun Zheng1,4, Yuanyuan Ren1, Ling Yang1, Yang Gao1,6,
Guohua Yang1,2, Zhuo Li1, Xiaoli Feng1, Karsten Kristiansen4, Gane Ka-Shu Wong1,10, Rasmus Nielsen9,
Richard Durbin8, Lars Bolund1,11, Xiuqing Zhang1,6, Songgang Li1,2,5, Huanming Yang1,2,3 & Jian Wang1,2,3

Here we present the first diploid genome sequence of an Asian individual. The genome was sequenced to 36-fold average
coverage using massively parallel sequencing technology. We aligned the short reads onto the NCBI human reference
genome to 99.97% coverage, and guided by the reference genome, we used uniquely mapped reads to assemble a
high-quality consensus sequence for 92% of the Asian individual’s genome. We identified approximately 3 million
single-nucleotide polymorphisms (SNPs) inside this region, of which 13.6% were not in the dbSNP database. Genotyping
analysis showed that SNP identification had high accuracy and consistency, indicating the high sequence quality of this
assembly. We also carried out heterozygote phasing and haplotype prediction against HapMap CHB and JPT haplotypes
(Chinese and Japanese, respectively), sequence comparison with the two available individual genomes (J. D. Watson and J.
C. Venter), and structural variation identification. These variations were considered for their potential biological impact. Our
sequence data and analyses demonstrate the potential usefulness of next-generation sequencing technologies for personal
genomics.

The completion of a highly refined, encyclopaedic human genome
sequence1,2 was a major scientific development. Such reference
sequences have accelerated human genetic analyses and contributed
to advances in biomedical research. Given the growth of information
on genetic risk factors, researchers are developing new tools and ana-
lyses for deciphering the genetic composition of a single person to
refine medical intervention at a level tailored to the individual. The
announcements that J. Craig Venter and James D. Watson have had
their genomes sequenced3,4, along with the announcement of the
PersonalGenomeProject5, highlight the growthof personal genomics.

Using amassively parallel DNA sequencingmethod, we have gene-
rated the first diploid genome sequence of a Han Chinese individual,
a representative of an East Asian population that accounts for nearly
30%of the human population. The consensus sequence of the donor,
assembled as pseudo-chromosomes, serves as one of the first
sequences available from a non-European population and adds to
the small number of publicly available individual genome sequences.
This sequence and the analyses herein provide an initial step towards
attaining information on population and individual genetic vari-
ation, and, given the use and analysis of next-generation sequencing

technology, constitute advancement towards the goal of providing
personalized medicine.

Data production and short read alignment

The genomic DNA used in this study came from an anonymousmale
Han Chinese individual who has no known genetic diseases. The
donor gave written consent for public release of the genomic data
for use in scientific research (see Supplementary Information for
consent forms).

We carried out G-banded karyotyping to check the overall struc-
tural suitability of this DNA for use as a genomic standard for other
genetic comparison and found no obvious chromosomal abnormal-
ities (Supplementary Fig. 1).We then proceeded with whole-genome
sequencing of the individual’s DNA (hereafter referred to as YH)
using Illumina Genome Analysers (GA; see Methods for details).
To minimize the likelihood of systematic biases in genome repres-
entation, multiple DNA libraries were prepared and data were gen-
erated from eight single-end and two paired-end libraries
(Supplementary Table 1). The read lengths averaged 35 base pairs
(bp), and the two paired-end libraries had a span size of 135 bp

1Beijing Genomics Institute at Shenzhen, Shenzhen 518000, China. 2Genome Research Institute, Shenzhen UniversityMedical School, Shenzhen 518000, China. 3National Engineering
Center for Genomics and Bioinformatics, Beijing 101300, China. 4Department of Biochemistry andMolecular Biology, University of Southern Denmark, OdenseMDK-5230, Denmark.
5College of Life Sciences, Peking University, Beijing 100871, China. 6Beijing Genomics Institute, Beijing Institute of Genomics of Chinese Academy of Sciences, Beijing 101300, China.
7The Graduate University of Chinese Academy of Sciences, Beijing 100062, China. 8The Wellcome Trust Sanger Institute, Wellcome Trust Genome Campus, Hinxton, Cambridge
CB10 1SA, UK. 9Departments of Integrative Biology and Statistics, University of California, Berkeley, California 94720, USA. 10Department of Biological Sciences and Department of
Medicine, University of Alberta, Edmonton AB, T6G 2E9, Canada. 11Insitute of Human Genetics, University of Aarhus, Aarhus DK-8000, Denmark.
*These authors contributed equally to this work.
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million SNPs. Each also has a set of SNPs unique to their own gen-
ome: for YH, 978,370 (31.8%) SNPs; for Venter, 924,333 (30.1%);
and for Watson, 1,096,873 (33.0%) (Supplementary Fig. 2).

The three individuals also have a similar fraction of non-synonym-
ous SNPs (YH, 7,062 (0.23%); Venter, 6,889 (0.22%); Watson, 7,319
(0.20%)). There are 2,622 non-synonymous SNPs shared among the
three individuals, accounting for 37.1% of non-synonymous SNPs in
the YH genome.

Mutation and selection

To determine which are the ancestral versions of the small indels
between the YH genome and the NCBI reference genome, we used
the chimpanzee genome as an outgroup and assumed that the alleles
on the chimpanzee genome were the ancestral type (Supplementary
Table 5). Notably, the YH genome has the ancestral version of 66.2%
of the homozygous insertions, whereas the NCBI reference genome
contained the ancestral versions of 66.0% of the homozygous dele-
tions. This suggests that during the process of mutation and selection
of the human genome, small DNA deletions occur more frequently
than do small DNA insertions. Among the heterozygous indels, the
allele types that are identical to those in the NCBI reference were
mostly comprised of the ancestral versions. This is probably because
alleles that are identical between two random individuals are more

likely to be the most common type of allele in the population,
whereas the fraction of alleles that differ between individuals is likely
to be those with a minor allele frequency in the population or genetic
drift mutations. The same pattern was also observed with heterozy-
gous indels, indicating that mutations may be biased to DNA loss.

Additional mutation and selection analyses done comparing the
YH and NCBI36 genomes are available as Supplementary
Information.

Structural variation identification

We used paired-end alignment information to identify structural
variations. We identified structural variation boundaries between
the YH and NCBI36 genomes by detecting abnormally aligned read
pairs that have improper orientation relationships or span sizes (see
Methods for details). We identified a total of 2,682 structural varia-
tions (Fig. 3a). Because our YH genome sequencing methodology
generates paired-end reads with short but very accurate insert sizes,
we could identify variations larger than 100 bp, about 6 times the
insert size standard deviation. Identified structural variations had a
median length of 492 bp, smaller than that of the database of genomic
variants (DGV; 30.8 kb)8. This indicates that our methods were
biased towards the detection of small structural variation events,
but also indicates that it has an acceptable resolution as compared
to current structural variation analyses9–11.

Using paired-end methods, we identified more deletion (2,441)
than duplication (33) events. Greater detection of deletions may be
because they are identified by observing unexpectedly long insert
sizes in paired-end clusters, whereas detection of insertions longer
than our paired-end library span size will probably be missed.

We searched for candidate regions where larger insertions might
have occurred by adopting a method based on the ratio of single-end
to paired-end read depth and found 4,819 regions with a ratio sig-
nificantly higher (P, 0.001) than the average ratio over the whole
genome. Our data indicated that 4,377 (90.8%) of these candidate
regions were likely to have insertions of repetitive elements, such as
mammalian interspersed repeats (MIR; 2,067) and Alu elements
(692) in the short interspersed nuclear elements (SINE) category,
or L1 elements (1,601) in the long interspersed nuclear elements
(LINE) category (see Methods for details).

Recent studies10,11 have shown that novel sequences (those not
anchored to the NCBI reference genome) are a considerable source
of structural variations. To search for sequences unique to the YH
genome, we analysed 487 million unmapped short reads. Among
these, 0.39% could be aligned on unanchored scaffolds of NCBI36,
1.09% on novel small contigs of the Venter genome, and 0.67% on
novel sequences identified by ref. 10. Using the de novo assembler

Table 2 | Comparison of GA sequencing and Illumina 1M genotyping alleles

Allele type Illumina 1M genotyping Total Consistency (%)

HOM ref. HOM mut. HET ref. HET mut.

GA consensus

HOM ref. 2 566,825 – – – 567,266 99.92
1 – – 227 –
0 – 205 – 9

HOM
mut.

2 – 217,179 – – 217,242 99.97
1 – – 24 0
0 32 7 0 0

HET ref. 2 – – 245,749 – 246,314 99.77
1 289 252 24 0
0 – 0 – 0

HET mut. 2 – – – 0 22 0
1 – 14 0 8
0 0 0 0 –

Missing 1,789 1,658 4,626 0 8,073 –
Total 568,935 219,315 250,650 17 1,038,917 99.90

Coverage (%) 99.69 99.24 98.15 100 99.22 –

We classified both the array-based genotyped alleles and the alleles that were called by the Illumina Genome Analyser (GA) into four categories: (1) HOM ref. (homozygotes where both alleles are
identical to the reference); (2) HOMmut. (homozygotes where both alleles differ from the reference); (3) HET ref. (heterozygotes where only one allele is identical to the reference); and (4) HET
mut. (heterozygoteswhere both alleles differ from the reference and also differ fromone another). The number of GAsequencing sites that are consistentwith genotyping at both alleles, at one allele,
or that are inconsistent at both alleles were categorized as 2, 1, and 0, respectively. The genotyping array primarily included the major alleles of the most common SNPs found in the human
population, so very few alleles found in the BeadChip analysis were sorted into category 4.
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Figure 2 | Genome coverage of the assembled consensus sequence and the
accuracy of SNPdetectionas a functionof sequencing depth. Analyseswere
carried out on human chromosome 12, and subsets of reads from allmapped
22.53 single-end and 13.53 paired-end reads were randomly extracted from
areas of different average depth. The same method and filtering threshold
(Q20) was used for SNP detection over different sequencing depths. The
error rate for SNP calling—the sum of ‘over call’, ‘under call’ and ‘misses’
rate (see Supplementary Information)—was separated into heterozygotes
(HET) and homozygotes (HOM), and was validated against the Illumina 1M
genotyping alleles.
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How can we assess the contiguity of a 
genome assembly? 

1) Contig N50 size 

2) Scaffold N50 size

These measures are arbitrary measures and statistical 
parameters such as the mean. The measures are used 
only to compare between different assemblies.



Contig/Scaffold N50: the 
size of the contig/scaffold 

at which 50% of the 
genome is assembled 
into contigs/scaffold
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Introduction

A sequenced genome will soon become a routine element 
of biological research. Costs drop almost monthly, and 
advances in data collection and analysis occur so rapidly that 
projects often take advantage of new inventions while under-
way. One notable recent example is the Mexican axolotyl, 
which required a new algorithm to be written to assemble 
its 32 gigabase genome (Nowoshilow et al. 2018)—10 times 
the length of Homo sapiens. Many of the life sciences can 
now benefit from the power of genomics, and this includes 
invasion biology. Here we review contributions of genomics 

to the study of biological invasions to date, highlight some 
future directions, and comment on research strategies.

Historical framework

Although both fields have a similarly brief history, progress 
in invasion genomics has been slow relative to conservation 
genomics; the latter the subject of excellent reviews (Luikart 
et al. 2003; Allendorf et al. 2010, 2013; Allendorf 2017). 
Allendorf (2017) notes that genomics has been applied to 
natural populations of non-model species for less than 2 
decades. He cites Black et al. (2001) as the first publication 
to use the term “population genomics.” This is an important 
paper, aimed at entomologists but of interest to a broader 
audience in population genetics. The authors made a strong 
case for genomic approaches to previously unresolved issues 
in molecular population genetics theory, and to insect pest 
control (Black et al. 2001). Luikart et al. (2003) is another 
important foundational review and perspective, focused on 
the utility of genomics to approach long-standing problems 
in conservation and population genetics, such as the relation-
ship between census size and  Ne, and outlier testing for loci 
under selection.
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virtually all other steps in a genome project (Fig. 1), 
annotations are done just about as they were nearly 25 
ya (Salzberg 2019). The first step—automated annota-
tion—is particularly challenging for the number of large, 
fragmented, “draft” eukaryotic genomes that are accu-
mulating, and accuracy is worsened by the tendency 
for errors to propagate as investigators annotated new 
genome drafts. RNA-seq will reduce errors, and nano-
pore technologies on the horizon that will sequence 
RNAs without first converting them to DNA (as in RNA-
seq) even more so (Salzberg 2019). In our experience, 

moreover, the highly unfragmented zebra mussel genome 
remained difficult to annotate in part due to the absence 
of closely related sequenced bivalves (McCartney et al. 
2019). Oysters, scallops and other sequenced bivalves 
diverged from zebra mussels hundreds of millions of ya 
(McCartney et al. 2019). A strong argument in favor of 
generating a high-quality zebra mussel genome assembly 
was to begin to fill this gap in the mollusk phylogenomic 
tree, and the same one can be made for many other taxa 
in our disciplines.

Fig. 2  Genome assembly and 
scaffolding. Top: Reads, Con-
tigs, and Scaffolds. Illustration 
of how reads are assembled 
into contigs, which are then 
further placed on scaffolds 
which contain ordered contigs 
interspersed with gaps. Bottom: 
Contiguity Measures. Illus-
tration of how N50 and L50 
statistics are calculated using a 
hypothetical 1 Mb genome Fig-
ure adapted from: https ://githu 
b.com/schat zlab/teach ingar chive 
/blob/maste r/2012/CSHL.Seque 
ncing /Whole %20Gen ome%20
Ass embly %20and %20Ali gnmen 
t.pdf
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virtually all other steps in a genome project (Fig. 1), 
annotations are done just about as they were nearly 25 
ya (Salzberg 2019). The first step—automated annota-
tion—is particularly challenging for the number of large, 
fragmented, “draft” eukaryotic genomes that are accu-
mulating, and accuracy is worsened by the tendency 
for errors to propagate as investigators annotated new 
genome drafts. RNA-seq will reduce errors, and nano-
pore technologies on the horizon that will sequence 
RNAs without first converting them to DNA (as in RNA-
seq) even more so (Salzberg 2019). In our experience, 

moreover, the highly unfragmented zebra mussel genome 
remained difficult to annotate in part due to the absence 
of closely related sequenced bivalves (McCartney et al. 
2019). Oysters, scallops and other sequenced bivalves 
diverged from zebra mussels hundreds of millions of ya 
(McCartney et al. 2019). A strong argument in favor of 
generating a high-quality zebra mussel genome assembly 
was to begin to fill this gap in the mollusk phylogenomic 
tree, and the same one can be made for many other taxa 
in our disciplines.

Fig. 2  Genome assembly and 
scaffolding. Top: Reads, Con-
tigs, and Scaffolds. Illustration 
of how reads are assembled 
into contigs, which are then 
further placed on scaffolds 
which contain ordered contigs 
interspersed with gaps. Bottom: 
Contiguity Measures. Illus-
tration of how N50 and L50 
statistics are calculated using a 
hypothetical 1 Mb genome Fig-
ure adapted from: https ://githu 
b.com/schat zlab/teach ingar chive 
/blob/maste r/2012/CSHL.Seque 
ncing /Whole %20Gen ome%20
Ass embly %20and %20Ali gnmen 
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How to calculate/find the contig N50 or L50? 

1) Order contigs/scaffolds according to size in a 
descending order 

2) Identify the number/size of the contig where 
50% of the genome is assembled.



A group of three great students (Sara, Nouf, and Hayat) 
have sequenced the genome of a local ant. The sequencing 
machine generated 4,105,387 sequence reads, which 
accounted to a total of 480 Mb. Below are the details of the 
initial assembled contigs. 

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

The three students decided to 
assemble the genome 

independently. 

Sara used ALL sequences.  

Nouf used sequences > 150 bp. 

Hayat used sequences > 200 bp.
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What does the contigs’ size catagories and 
numbers mean?

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

What does 150bp and 
200bp contigs mean? 

What the most likely 
sequencing technology 

used and why?



What is the contig number for each 
student’s genome assembly?

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat

13,181
7,181

1,431

# Contigs 13,181 7,181 1,431



What is the assembled genome size for 
each student’s assembly?

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Combined length
150bpx6,000 = 900,000bp = 900Kb = 0.9Mb
200bpx5,750 = 1,150,000bp = 1,150Kb = 1.15Mb
1Kbx1,200 = 1,200Kb = 1.2Mb
5Kbx50 = 250Kb = 0.25Mb
10Kbx110 = 1,100Kb = 1.1Mb

100Kbx59 = 5,900Kb = 5.9Mb

500Kbx5 = 2,500Kb = 2.5Mb
1Mbx4 = 4Mb
5Mbx3 = 15Mb

32Mb31.1Mb29.95Mb
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each student’s assembly?



What is 50% the size of the assembled 
genome for each student’s assembly?

Contig size 
150 bp 
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1Kbx1,200 = 1,200Kb = 1.2Mb
5Kbx50 = 250Kb = 0.25Mb
10Kbx110 = 1,100Kb = 1.1Mb

100Kbx59 = 5,900Kb = 5.9Mb

500Kbx5 = 2,500Kb = 2.5Mb
1Mbx4 = 4Mb
5Mbx3 = 15Mb

32Mb31.1Mb29.95Mb
50% genome = genome size x 0.5 = 16Mb15.55Mb14.975Mb
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What is the mean contig length for each 
student’s assembly?
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# contigs
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13,181
= 0.00242Mb = 2.42Kb



What is the mean contig length for each 
student’s assembly?

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb



What is the contig N50 for each student’s 
assembly?
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contig 1Mb 1Mb 5Mb

What is the contig N50 for each student’s 
assembly?



What is the contig L50 for each student’s 
assembly?

Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Contig # 
1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15

Contig Size 
5Mb 
5Mb 
5Mb 
1Mb 
1Mb 
1Mb 
1Mb 

500Kb 
500Kb 
500Kb 
500Kb 
500Kb 
100Kb 
100Kb 
100Kb

Sum 
5Mb 

10Mb 
15Mb 
16Mb 
17Mb 
18Mb 
19Mb 

19.5Mb 
20Mb 

20.5Mb 
21Mb 

21.5Mb 
21.6Mb 



Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb

N50 
contig 1Mb 1Mb 5Mb

L50 
contig 4 4 3

What is the contig L50 for each student’s 
assembly?



Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb

N50 
contig 1Mb 1Mb 5Mb

L50 
contig 4 4 3

What is the sequence coverage for each 
student’s assembly?

~Coverage 15x480Mb

32Mb
= 15x



Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb

N50 
contig 1Mb 1Mb 5Mb

L50 
contig 4 4 3

What is the sequence coverage for each 
student’s assembly?

~Coverage 15x 15.4x480Mb-0.9Mb

31.1Mb
= 15.4x



Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb

N50 
contig 1Mb 1Mb 5Mb

L50 
contig 4 4 3

What is the sequence coverage for each 
student’s assembly?

~Coverage 15x 15.4x 12x480Mb-2.05Mb

29.95Mb
= ~12x



Contig size 
150 bp 
200 bp 
1 Kb 
5 Kb 

10 Kb 
100 Kb 
500 Kb 
1 Mb 
5 Mb

# of Contig 
6,000 
5,750 
1,200 

50 
110 
59 
5 
4 
3

Sara Nouf Hayat
# Contigs 13,181 7,181 1,431
Genome 

size 32Mb 31.1Mb 29.95Mb

50% 
Genome 16Mb 15.55Mb 14.975Mb

Mean contig 
length 2.42KB 4.33Kb 20.92Kb

N50 
contig 1Mb 1Mb 5Mb

L50 
contig 4 4 3

Who has the best assembly and why?

~Coverage 15x 15.4x 12x



Disclaimer

 Figures, photos, and graphs in my lectures are 
collected using google searches.  I do not claim to have 

personally produced the material (except for some). I 
do cite only articles or books used. I thank all owners of 

the visual aid that I use and apologize for not citing 
each individual item.  If anybody finds the inclusion of 
their material in my lectures a violation of their copy 

rights, please contact me via email. 

hhalhaddad@gmail.com

mailto:hhalhaddad@gmail.com

