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Abstract

Copy number variants (CNVs), comprising gene amplifications and deletions, are a pervasive class of heritable variation.
CNVs play a key role in rapid adaptation in both natural, and experimental, evolution. However, despite the advent of new
DNA sequencing technologies, detection and quantification of CN'Vs in heterogeneous populations has remained challenging.
Here, we summarize recent advances in the use of CNV reporters that provide a facile means of quantifying de novo CNVs
at a specific locus in the genome, and nanopore sequencing, for resolving the often complex structures of CNVs. We provide
guidance for the engineering and analysis of CNV reporters and practical guidelines for single-cell analysis of CNVs using
flow cytometry. We summarize recent advances in nanopore sequencing, discuss the utility of this technology, and provide
guidance for the bioinformatic analysis of these data to define the molecular structure of CNVs. The combination of reporter
systems for tracking and isolating CNV lineages and long-read DNA sequencing for characterizing CNV structures enables
unprecedented resolution of the mechanisms by which CN'Vs are generated and their evolutionary dynamics.
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Genome dynamics

From the earliest studies of the genetic basis of adaptive evo-
lution using microbial experimental evolution, copy number
variants (CNVs) have been known to play a central role in
rapid adaptive evolution. Foundational studies in nutrient-
limited chemostats discovered that amplifications of genes
encoding transporters of the limiting nutrient were repeat-
edly selected in different bacteria including Escherichia coli
limited for lactose (Horiuchi et al. 1963) and Salmonella
typhimurium limited for different carbon sources (Sonti and
Roth 1989). Subsequent studies of Saccharomyces cerevi-
siae in glucose-, phosphate-, sulfur-, and nitrogen-limited
chemostats revealed the generality of this class of adaptive
response (Hansche 1975; Brown et al. 1998; Gresham et al.
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2008, 2010; Kao and Sherlock 2008; Hong and Gresham
2014; Payen et al. 2014). CNVs have also been frequently
observed in other microbial experimental evolution sys-
tems including batch culture serial transfer (Hull et al.
2017; Blount et al. 2020), and selection for drug tolerance
(Selmecki et al. 2008; Todd and Selmecki 2020; Bergin et al.
2022; Tomanek and Guet 2022). However, the repeatability
of CNVs in chemostat evolution experiments makes them an
ideal system for studying CNV dynamics (Ziv et al. 2013;
Gresham and Dunham 2014; Gresham and Hong 2015; Ziv
et al. 2013; Gresham and Hong 2015). As CNVs underlie
phenomena ranging from speciation to tumor evolution
(Conant and Wolfe 2008; Stratton et al. 2009; Shlien and
Malkin 2009; Zuellig and Sweigart 2018), the study of CNV
dynamics, and mechanisms of their formation, in experimen-
tal evolution is of broad relevance.

In this paper we present two approaches that we have
employed to study CNVs in the context of experimen-
tal evolution in chemostats. The first method entails the
use of a CNV reporter, which we developed to study
CNVs at a specific locus of interest. This straightfor-
ward method relies on the use of a phenotypic reporter of
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gene amplifications and deletion at a locus in single cells.
Although conceptually simple, this system provides unpar-
alleled resolution of CNV dynamics and practical utility
in the identification and isolation of CN'V-containing line-
ages. The power of the CNV reporter system is comple-
mented by the use of long-read DNA sequencing using
Oxford Nanopore Technology (ONT) to characterize the
complex novel structures that can arise in genomes dur-
ing experimental evolution. Although the motivation for
the development of these methods has been understanding
CNVs in the context of experimental evolution in chemo-
stats, this combination of tools has general utility for a
variety of approaches to experimental evolution as well
as potential applications in other experimental systems.

Using Reporter Systems to Interrogate
Locus-Specific CNV Dynamics

Introduction

One of the major limitations in studying CNVs in evolving
populations is the challenge of identifying alleles at low
frequencies in heterogeneous populations. Typical meth-
ods to detect CNVs include DNA sequencing, quantitative
PCR, Southern blotting, and DNA microarrays. However,
these molecular methods are best suited to the analysis of
clonal samples and are unreliable for detecting de novo
CNVs in heterogeneous populations. Although in principle
it is possible to sample populations, isolate clones, and
analyze CNVs using these methods, this approach is not
practical in terms of cost, effort, and time. By compari-
son, the estimation of single-nucleotide variants (SN'Vs)
allele frequencies from Illumina short-read sequencing
data are routine and widely used to study SNV dynam-
ics in experimental evolution. The inherent limitations of
existing approaches for accurately identifying CNVs have
hindered studies of the evolutionary dynamics of CNVs.
To overcome these challenges, we developed a CNV
reporter that enables efficient and real-time tracking of
CNYV dynamics in evolving populations with single-cell
resolution (Lauer et al. 2018). A CNV reporter comprises
a constitutively expressed fluorescent gene inserted adja-
cent to the gene of interest. It directly detects the occur-
rence of de novo gene amplifications and deletions in
individual cells, without requiring molecular analysis
(Fig. 1A). Using flow cytometry to quantify fluorescence
in individual cells facilitates efficient and rapid CNV
allele frequency estimation. Moreover, the reporter sys-
tem enables efficient isolation of CNV-containing lineages
using fluorescence-activated cell sorting (FACS) for fur-
ther characterization. DNA sequencing of clonal isolates

has revealed that CNV reporters detect many different
classes of CNVs, including aneuploidies, nonreciprocal
translocations, tandem duplications, and complex struc-
tural alterations.

Construction

CNVs often comprise large genomic regions of several
kilobases that can include multiple neighboring genes.
The principle of a CNV reporter is that when a constitu-
tively expressed fluorescent reporter gene is inserted adja-
cent to a target gene, CN'Vs involving the gene of interest
can be detected using the expression level of the reporter
(Lauer et al. 2018). When the gene of interest is amplified
or deleted, the adjacent reporter gene is also amplified or
deleted, resulting in an increase or decrease in fluorescence,
whereas stable fluorescence levels indicate that copy number
at the locus remains invariant. The reporter is integrated
at the locus of interest using targeted genome engineering.
Therefore, the reporter construct contains both a drug resist-
ance selectable marker and a fluorescent protein gene. As
long as insertion of the reporter does not affect the molecular
regulation of the target gene, we have found no evidence that
CNV formation and selection are affected by the reporter,
or that the molecular features of CNVs are affected by the
presence of the reporter (Lauer et al. 2018). Although the
use of an inducible fluorescent reporter might in principle
present advantages, the use of a constitutively expressed pro-
tein obviates the need for optimizing additional experimental
steps for reproducible expression induction, thereby facilitat-
ing rapid and accurate analysis of CNVs.

Constitutive expression of a heterologous gene may be
expected to confer negative fitness effects. However, we
have confirmed the absence of a fitness defect due to the
reporter using pairwise competition assays with isogenic
strains that lack the reporter (Lauer et al. 2018). Moreover,
maintenance of stable protein fluorescence in one- and
two-copy control populations, in which the fluorescent
gene is integrated at neutral loci, is consistent with the
absence of a detectable fitness cost associated with the
CNYV reporter.

When developing the reporter system, we initially
focused on the general amino acid permease gene, GAPI,
in the budding yeast S. cerevisiae. GAPI encodes a high-
affinity transporter for amino acids and is highly expressed
in nitrogen-deficient conditions (Grenson et al. 1970; Stan-
brough and Magasanik 1995) Evolution in the presence of
a single nitrogen source has been shown to select for two
classes of GAPI CNVs: (i) GAPI amplification alleles are
selected in glutamine and glutamate-limited chemostats,
(i1) GAPI deletion alleles are selected in urea- and allan-
toin-limited chemostats (Gresham et al. 2010; Hong and
Gresham 2014). Given these prior observations, the GAP/
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Fig.1 Using CNV reporters to detect de novo CNVs in evolving
populations. A A CNV reporter consists of a constitutively expressed
fluorescent gene (GFP in this example) and drug resistance gene
inserted adjacent to, but not fused to, a target gene of interest (Gene
x). To track CNVs in real-time during experimental evolution, cell
fluorescence is measured using a sample of 100,000 cells from the
population on a flow cytometer every 8—16 generations. When the tar-
get gene gains or loses copies in the genome, the adjacent reporter
gene is amplified or deleted along with it, resulting in a proportional
increase or decrease in fluorescence levels, respectively (top and bot-
tom). Fluorescence levels remaining stable over generations indicate
that copy number variation has not occurred (middle). B Hierarchi-
cal gating of flow cytometry data are used for identifying CNV lin-
eages. Left: In samples containing zero-, one-, and two- GFP copy
control cells, all flow cytometer events are plotted using forward
scatter area (FSC-A) on the x-axis and side scatter area (SSC-A) on
the y-axis. All yeast cells are selected by drawing a gate (black out-

locus was ideally suited to testing and demonstrating the
versatility of the CNV reporter.

To construct the reporter, we integrated a constitutively
expressed (using the ACTI promoter) green fluorescent
protein (GFP) variant mCitrine (Griesbeck et al. 2001),
referred to here as GFP, and kanamycin resistance gene
in a region of unique DNA sequence 1118 bases upstream

@ Springer

line), which excludes cellular debris on the basis of smaller size. This
defines the Cells gate. Center: Only the events selected by the black
Cells gate are carried forward (black arrow), and plotted with FSC-A
on the x-axis and forward scatter height (FSC-H) on the y-axis.
Here, we draw a gate (brown outline) only around the cells that lie
on the diagonal, which selects for single-cells and excludes any dou-
blets. This defines the Singlets gate. Right: Only the events selected
by the brown Singlets gate are carried forward (brown arrow) in our
final plot. Plotting the FSC-A on the x-axis and the GFP fluorescence
channel area on the y-axis gives three distributions, corresponding
to cells with zero-, one- and two or more-copies of GFP, and conse-
quently, the copy numbers of the gene of interest. Non-overlapping
but adjacent gates for each of the three populations are drawn on the
basis of engineered control strains containing known numbers of the
GFP gene. Pink, orange and red gates correspond to zero-, one-copy-
and CNV-containing cells, respectively (Color figure online)

of the GAPI start codon. We selected this region so that
it is distal to known regulatory regions of GAPI and any
proximate genes. However, the proximity of the reporter
to GAPI ensures that it is co-amplified when CNVs are
generated at the GAPI locus. We use standard genome
engineering practices including clonal isolation, molec-
ular confirmation, and backcrossing to confirm correct
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integration of the reporter. In our experience, the reporter
operates as expected and reports on GAPI CNVs. In
principle, it is possible for GAPI CNVs to occur that do
not include the reporter; however, in extensive sequence
analyses we have not found evidence for this indicating
that the reporter system is able to detect all occurrences
of GAP1 CNVs. We have extended the reporter system to
other fluorescent genes (mCherry) and loci (PUT4 and
MEP2) and observed similar utility as a CNV reporter
(unpublished). In constructing different CNV reporters
we have placed the construct~ 1 kb upstream or down-
stream of the coding sequence. In principle, the CNV
reporter should be effective at any locus of interest.

Copy Number Control Strains

Detecting CNVs using the reporter systems requires the
use of three important control strains: (i) a one-copy
control containing a single copy of the CNV reporter at
a neutral locus (we use the HO locus), (ii) a two-copy
control containing two copies of the CNV reporter at two
neutral loci (we use HO and the dubious ORF YLRI123C),
and (iii) a zero-copy control that lacks the CNV reporter.
As protein fluorescence is dependent on growth condi-
tions and flow cytometry measurements can be impacted
by several experimental variables, the three control
strains are propagated in the same selection conditions
as the experimental lineages and analyzed in parallel
with experimental samples. These control strains serve
two functions: (1) they are used to define flow cytometry
gates for CNV detection and (2) they provide a measure
of CNV reporter stability during the experiment.

We have observed that control populations containing
one or two copies of the fluorescent reporter at neutral
loci exhibit stable fluorescence for the duration of the
evolution experiment (Lauer et al. 2018). To quantify
the proportion of cells containing an amplification at the
locus of interest, we use the zero-, one- and two-copy
control strains to define flow cytometry gates. Propagated
control strains are used to define gates for the correspond-
ing time point of the experimental populations to account
for variation in experimental procedures and measure-
ments. In practice, we have found that the fluorescent sig-
nal in propagated control strains show minimal deviance
across the course of the experiment making it appropriate
to also use initial flow cytometry measurements of con-
trol strains to define gates.

We note that as the control populations are main-
tained in a selective condition throughout the evolu-
tion experiment, they also undergo adaptive evolution.
Indeed, sequence analysis of clones isolated from these
control populations has identified CNVs at multiple loci.

However, the fluorescent signal from the reporter inte-
grated at neutral loci remains stable in these strains con-
sistent with the specificity of the reporter for CNVs at the
locus of interest.

Real-Time Monitoring of CNVs

Flow cytometry analysis is used to monitor CNVs in real-
time using the reporter system. We sample each evolving
population every few generations (typically every 8-10 gen-
erations, which corresponds to 2 days in glutamine-limited
chemostats) and measure the fluorescence of a sample from
the population. Due to the large population sizes used in
our experiments, we routinely measure 10,000—100,000
cells per sample to minimize sampling bias. We analyze
cells on the flow cytometer immediately after sample col-
lection, providing real-time tracking of CNVs. In addition,
every 16-20 generations, we freeze samples down as cell
pellets for subsequent analysis. By the end of a long-term
experimental evolution, we typically have ~25 timepoints
across ~ 250 generations. This timescale is sufficient for
observing de novo CN'Vs under conditions of strong selec-
tion (Lauer et al. 2018).

Protein fluorescence increases with cell size and thus cell
size must be accounted for to effectively use a CNV reporter.
Therefore, we normalize the fluorescent signal for each cell
by the cell size as estimated using the forward scatter meas-
urement on a flow cytometer (FSC), resulting in a protein
concentration estimation. By engineering strains with dif-
ferent copy numbers of the reporter we have found that the
concentration of fluorescent protein is proportional to the
ploidy normalized copy number of the fluorescent protein
gene, i.e., one-copy in a haploid results in a signal equivalent
to two copies in a diploid, and two copies in a haploid results
in a signal similar to four copies in a diploid (Lauer et al.
2018). Thus, the cell size—normalized fluorescent signal, or
concentration, is an accurate measure of the number of cop-
ies of the fluorescent gene in single-cells. The reporter can
be used to estimate higher copy numbers as we have found
that the normalized fluorescent signal correlates well with
copy number estimated from whole genome sequencing data
(Lauer et al. 2018).

Flow Cytometry Analysis for Studying
Population-Level CNV Dynamics

We have used a variety of flow cytometers and fluorescent-
activated cell sorting (FACS) machines to analyze CNV
dynamics using the CNV reporter. Although each machine
typically has some sort of analysis software, our standard
practice is to export results from these machines as .fcs
files and undertake our own analysis using R. This provides
greater flexibility and ensures reproducible computational
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analysis. We use the R package cyfoexploreR for analysis of
flow cytometry data (Hammill 2021). We briefly outline our
analysis procedures below and refer the reader to a vignette
that provides example code for our analysis (https://gresh
amlab.bio.nyu.edu/wp-content/uploads/2022/04/vignette_
SimpleFlow.nb_.html).

Gate-Based Flow Cytometry Analysis

We use gating to define cells and subpopulations of interest
within the total flow cytometry sample. Although we have
tried clustering algorithms to automatically draw gates we
have found manual gating to be more accurate and straight-
forward. Before gating, we transform the data in such a way
that helps further distinguish subpopulations. We use a com-
bination of logarithmic transformations for forward scatter
(FSC) and side scatter (SSC) values and a logicle transfor-
mation for fluorescent values (Fig. 1B) before plotting and
gating cells. We perform hierarchical gating to first define
the cell population, distinguish individual cells from dou-
blets, and then define cells with zero, one, and two or more
copies of the reporter, using the zero-, one-, and two-copy
control strains as guides (Fig. 1B). First, we gate for cells, by
graphing forward scatter area (FSC-A) against side scatter
area (SSC-A). This filters out any cellular debris (Fig. 1B,
left panel). Second, we gate for single-cells by graphing
forward scatter area (FSC-A) against forward scatter height
(FSC-H) and draw a gate along the resulting diagonal
(Fig. 1B, middle panel). Finally, we draw non-overlapping
but adjacent gates to define three CNV subpopulations:
zero-, one-, and two or more copies (Fig. 1B, right panel).
To do this, we graph forward scatter area (FSC-A) against
the fluorescent channel (Fig. 1B, right panel). In our case,
we use the B2 channel area (B2-A) of a Cytek Aurora flow
cytometer which detects GFP fluorescence with an excita-
tion=516 A and emission=529 A.

The set of drawn gates defines the gating template
which is then applied to sample data. Because of day-to-
day variation in machine sensitivity, we have found that in
some cases a universal gating template is not appropriate
for a months-long evolution experiment. In this case, a gat-
ing template can be constructed for every timepoint using
the corresponding measurement for the control popula-
tions at the same time point. Importantly, to assess the
gates, we use a threshold of > 85% of control cells across
all time points lying within the corresponding control gate.
Gates are manually redrawn until it passes this assessment.
The multiple attempts at drawing gates that fulfill these
criteria is known in our lab as the “art of gating.” Once
gates have been defined, we obtain the proportion of cells
within each gate per time point and graph the proportion
of each population with CNVs over time. These data are
then used to quantify CNV dynamics as described below.

@ Springer

Quantifying Dynamics of CNVs

Using the proportion of the population containing a CNV
per time point at the locus of interest, we calculate sta-
tistics, modified from (Lang et al. 2011), to summarize
CNV dynamics. We calculate T,,, the generation at which
CNVs first appear, for each of the evolved populations.
Previously, to calculate Tup, we first defined a false positive
rate of CN'Vs by calculating the proportion of one-copy
controls appearing in the CNV gate across all generations
(Lauer et al 2018). Then, we defined a threshold as the
false positive rate plus one standard deviation. The gen-
eration at which the proportion of CNV-containing cells
surpass this threshold is T,

Alternatively, Tup can be defined as the time at which
we first observe the proportion of CNV-containing cells
surpass some threshold (e.g., 5%) for three consecutive
generations. Our lab currently uses this second approach
for calculating T,

Next, we calculate Sup, the percent increase in CNVs
per generation for each evolved population. To do this, we
take the natural log of the proportion of population contain-
ing CNVs divided by the proportion of population without
CNVs for each time point. We plot these values across time
and perform linear regression during the initial population
expansion of CNVs. The slope of the linear fitis S,

If CNVs are lost in the population, we calculate Sy,
the percent of CNV decrease, using the same approach as
in S, except the resulting slope is negative. If observed,
we calculate Tj,,,,,» which is the generation CNVs go below
the same threshold used for defining T, (Lang et al. 2011).
In practice this quantity is not determined as we have not
observed extensive loss of CNVs in our evolution experi-
ments thus far.

CNV reporters provide insight into the dynamics of
CNVs in adaptive evolution, facilitating further analysis.
For example, we have used these data to estimate rates of
CNV formation and fitness effects using neural network
simulation-based inference (nnSBI) (Avecilla et al. 2022).

Non-gate-Based Flow Analysis Based on Fluorescence
Signals to Visualize Copy Number Dynamics

In addition to gate-based flow cytometry analysis, we use
the cell size (FSC-A) normalized fluorescent signal for addi-
tional analyses. For example, density plots of the normalized
fluorescence are useful to examine as is the median normal-
ized fluorescence for each sample. It is important to note
that the median fluorescence convolutes CNV population
frequency and variable copy number within cells and thus
must be interpreted with caution. However, we have found
that this metric provides a useful summary of population
dynamics for comparison among replicate populations.
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Isolation of CNV Lineages

The ability to detect individual cells with CNVs enables
the isolation of CN'V-containing lineages for subsequent
analysis. We have successfully used FACS to isolate CNV-
containing lineages by first sorting the subpopulation of cells
with increased fluorescence indicating increased copy num-
ber, and then isolating clones through single colony purifica-
tion. It is our standard practice to then use flow cytometry
to confirm that the clonal isolate exhibits homogeneous
fluorescence consistent with a CN'V. Isolated CNV lineages
can then be studied using fitness and phenotypic assays, and
genome characterization by methods such as long-read nano-
pore sequencing, as described below.

Barcode Lineage Tracking Can Reveal Intra-population CNV
Dynamics

The combination of a CNV reporter and lineage-tracking
barcode enables additional levels of resolution on CNV-
mediated adaptive evolution. Barcode sequencing allows
the tracking of evolving lineages within populations by
engineering unique genomic barcodes at a neutral locus in
the background of a CNV reporter strain. Consideration of
barcode length and estimated population size are important
factors to consider when doing so (Johnson et al. 2023). The
isogenic population of cells that vary only at the barcode site
is experimentally evolved in a selective condition of interest.
We then perform FACS-based sorting of the CNV subpopu-
lation. The relative abundance of lineages over time can be
estimated using DNA sequencing of the barcode sequence
(Levy et al. 2015; Lauer et al. 2018; Nguyen Ba et al. 2019).
Using this method, we have shown that CNV-lineage diver-
sity is initially very large but decreases rapidly over time
(Lauer et al. 2018). We note that in our lab, we identified a
fitness defect in specific conditions due to the original loca-
tion of the barcode landing pad (Levy et al. 2015; Lauer
et al. 2018; Nguyen Ba et al. 2019) and thus re-engineered
it at the HO locus in our strains using a single construct that
combines both parts of the landing pad.

Limitations

Despite the broad utility of CNV reporters, there are some
inherent limitations and remaining challenges. We have
observed non-linear scaling of GFP fluorescence in our
zero-, one-, and two-copy controls. The median fluorescence
of the two-copy control is less than two times that of the
one-copy control. Although the median cell-size-normalized
GFP fluorescence of controls are distinct, the distributions of
our one-copy and two-copy control strains can display some
degree of overlap (~ 6% on average) (Lauer et al. 2018). This

overlap appears to increase between strains with two cop-
ies and three copies of the reporter, suggesting that there is
diminishing resolution with higher copy numbers.

The CNV reporter system reveals population-level CNV
dynamics and copy number but it is not informative about
the CNV structures that are selected without subsequent
analyses. Studies in our lab have shown that the suite of
CNV-containing alleles identified using a CNV reporter
consists of tandem duplications, large CNVs, complex trip-
lications and inversions, translocations, and aneuploidy.
However, the reporter does not distinguish between these
different classes of CNVs, which must be analyzed using
DNA sequencing.

Future Directions

In our hands we have found that CNV reporters are a pow-
erful tool to detect CN'Vs in real-time during experimen-
tal evolution with high resolution and repeatability. Future
directions that we are currently exploring include using
multi-color reporters at multiple loci and extending CNV
reporters to diploid genomes and other microbial species.
CNV reporters also enable larger population dynamics to be
repeatedly evaluated without strain selection and sequenc-
ing, enabling CNV evolution experiments at scales com-
parable to classic long-term evolution experiments (Len-
ski 2023). In addition, we are exploring the application of
machine-learning algorithms for enhancing the accuracy of
CNV detection from flow cytometry data.

Long-Read DNA Nanopore Sequencing
Introduction

Once clonal lineages containing CNVs are isolated we
use molecular approaches to resolve the genomic changes.
Whereas short-read sequencing is widespread, well-estab-
lished, and inexpensive, long-read sequencing offers numer-
ous advantages for the identification of CN'Vs. Long-read
sequencing, or third generation DNA sequencing, refers
to a disparate group of technologies, such as SMRT, HiFi
(Pacific-Biosciences) and Nanopore (Oxford Nanopore
Technologies) sequencing (Logsdon et al. 2021). While
molecular identification of CNVs preceded next-generation
sequencing (NGS) technology (Jacobs 1981; Freeman et al.
2006), (Alkan et al. 2011) the predominance of NGS in the
last decade has helped define our understanding of these
phenomena (Pirooznia et al. 2015; Mahmoud et al. 2019).
However, intrinsic limitations to NGS make it difficult to use
in accurate characterization of CNVs, a task to which long-
read sequencing is better suited (Ho et al. 2019; Mahmoud
et al. 2019; Lavrichenko et al. 2021).
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CNVs result in genomic rearrangements that are not
present in a reference genome. These rearrangements nec-
essarily include breakpoints that define the boundaries of
the variant. When breakpoints occur in information rich
sequences (e.g., complex and unique) they can produce
short, novel sequences, which are identifiable using short-
read data (Fig. 2). However, identification is much more
difficult when breakpoints occur within information poor
sequences (Nurk et al. 2022). Long-read sequencing can aid
in the identification of breakpoints originating from regions
with low-complexity (Fig. 2C), multimapping regions
(Fig. 2D), or sequences with poor representation because
of bias in the methodology itself (Kieleczawa 2006; Nurk
et al. 2022). Long-read sequencing can also help in ‘phas-
ing’, that is determining if two variants are physically con-
tiguous with each other (Fig. 2E). By increasing the read
size by several orders of magnitude, long-read sequencing
enables low-information regions to be crossed allowing
for the identification of breakpoints using distal markers
(Mahmoud et al. 2019; Ho et al. 2019; Amarasinghe et al.
2020). Although long-read sequencing is a powerful meth-
odology for the identification and characterization of CNVs,

it is not without its own biases and limitations. We outline
some of the approaches we take to mitigate these effects.

Clonal Isolation and Experimental Methods

A difficulty in any evolution experiment is to meaningfully
capture the diversity present within an actively evolving pop-
ulation. While sequencing the entire population in bulk is
possible, important information (such as the co-occurrence
of variants or phasing (Feng et al. 2021) is lost because of
the discontinuity of the fragments (De Coster et al. 2021).
Even in the ideal long-read sequencing scenario in which
entire chromosomes were sequenced, there would still be
discontinuity between chromosomes, confounding a com-
plete picture of the evolving population of individuals (De
Coster et al. 2021).

Traditionally, this problem has been solved by isolating
clones from within a population, growing them rapidly to an
abundance from which sufficient DNA can be isolated, and
then constructing a library from those representative indi-
viduals (Schwartz and Sherlock 2016). Using the fluorescent
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Fig.2 Advantages of long-read sequencing for resolution of complex
or problematic genomic regions. Schematic shows read depth plots of
real data (Spealman et al. 2022) visualized using IGV (Thorvaldsdét-
tir et al. 2012), here the horizontal shows Chromosome XI in S. cer-
evisiae and the vertical is the read depth at each location. Two strains
are plotted; the ancestor strain lacking a CNV (WT, Red tracks,
DGY1657) and an evolved strain with 4 copies of GAP1 (CNV, Blue
tracks, DGY1740). Each strain has been sequenced using short-reads
(SR) and long-reads (LR), with median relative depth shown at the
right of each track. A SR depths are highly variable in both the WT
and CNV strains, obscuring the resolution of the breakpoints (red
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dashed vertical lines), conversely the depth resolution using LR is
far less variable and the breakpoints much easier to identify. B While
SR can identify breakpoints within high-information regions such as
CDS (SET3) or UTRs (TRK?2) it fails to resolve breakpoints within
low-information regions such as long-terminal repeats (LTRs). C
LR offers advantages in some cases of poly-nucleotide resolution. D
Resolving complex structures, such as a transposon sequence (TY1)
mediated amplifications inside multimapping LTRs. E LR can also
assist in determining phasing, that is, if two variants are physically
contiguous or, instead, occur on distinct chromosomes or extra-chro-
mosomal segments (Color figure online)
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CNV reporter aids in the accurate and rapid selection of
clones of interest (Lauer et al. 2018).

Before clonal isolation, care should be made in the han-
dling of evolved populations once the experimental evolu-
tion is completed. Critical aspects of experimental evolution
such as genetic diversity and variant frequency can be rap-
idly distorted by exposure to alternative environments such
as freeze—thaw (Sleight and Lenski 2007; Wing et al. 2020)
or non-selective environmental conditions (Dragosits and
Mattanovich 2013; Knoppel et al. 2018).

Even after isolation, care should be taken to prevent sub-
sequent mutations arising from adaptation to other selec-
tive pressures or reversion of CNVs. Importantly, reversion
rates are best known from phenotypic assays and the rates
themselves vary depending on the mutation, the phenotype,
the environment, and the selective pressure (Cairns and Fos-
ter 1991; Cairns et al. 1988). CNV reversions are less well
characterized than SNVs and even then mostly in the context
of extrachromosomal circular DNA amplification (Mishra
and Whetstine 2016) and aneuploidy (Gorter de Vries et al.
2017; Gilchrist and Stelkens 2019).

In our lab’s experience using S. cerevisiae these issues
can be avoided by keeping the generation count after
removal from the evolution experiment as low as possible,
avoiding unnecessary refrigeration and freeze thaw cycles.
Our standard procedure when recovering from glycerol
stocks, is to first plate on rich media (2-5 days, 30 °C) and
when the colonies are large enough (~0.1 cm) inoculate
overnight cultures (5 mL YPD, rotator drum, 30 °C) and
harvest cells 12-24 h later.

Finally, caution should be exercised when drawing
inferences from the clones selected about the state of the
evolved population. While it is more likely that the clones
recovered from a population represent the more abundant
lineages within that population, it is not necessarily the
case. Estimating population variant frequencies is difficult
to do using NGS data because of the variability in site cov-
erage and the difficulty in extrapolating from proportion of
reads with variants to proportion of population with vari-
ants (Gautier et al. 2013). Given the reduced variance in
coverage, variant frequencies from long-read sequencing
can be more accurate, yet higher error rates, and sequenc-
ing depth limitations prevent it from being applied to low
frequency variants (Schneider et al. 2022).

Bioinformatic Approach
Base-Calling
ONT’s nanopore sequencing generates a signal that must

be converted into DNA base calls. Given the complex-
ity and computational requirements for transforming

Nanopore’s raw signal to called bases, several solutions
exist that are tailored for usage. These come, broadly, in
two groups: those that are accurate but computationally
expensive, such as Guppy (Wick et al. 2019), which sup-
ports three basecaller modes—Fast, High Accuracy, and
Super-accuracy—with higher accuracy incurring a higher
computational cost. These are contrasted with ‘ultra-lite’
base-callers that have magnitudes faster performance
with a trade-off of lower accuracy, such as DeepNano-
Blitz (Boza et al. 2020). Because of their lower accuracy
these basecallers are used for preliminary base-calling,
such as is required by real-time applications including field
work or adaptive sampling. For our purposes, even when
we use ultra-lite base-callers we save the FASTQ file for
a second, offline, re-analysis using a slower but higher
accuracy mode.

Sequence Alignment

Once a read has been base-called it can be aligned against
a reference genome. A suite of read aligners specializing
in handling long-read sizes and higher error rates exist
(De Coster et al. 2019), with the most common being
NGMLR (Sedlazeck et al. 2018), Minimap2 (Li 2021),
and the recently released Ira (Ren and Chaisson 2021).
Sequence alignment is a common prerequisite for single-
nucleotide variant calling where the reference genome
can act as a contrast to the observed bases and structural
variant calling where a re-arrangement of the genome will
be identifiable as ‘split-reads’ when sequenced. However,
because each aligner performs differently in their scoring
and annotation of split-reads, often markedly so (Bolog-
nini and Magi 2021, specifically Supplemental Fig. 7), it
is recommended to try more than one during initial stages
of analysis. In our lab we routinely use Minimap?2.

Structural Variant Calling

A key feature of long-read sequencing is the ability to read-
ily identify structural variants. Numerous tools have been
developed that seek to perform that task. Importantly, bench-
marking studies have shown that differences in sequencing
technology (e.g., Nanopore or PacBio), aligners, and variant
callers can generate significantly different sets of candidate
CNVs (Mahmoud et al. 2019; Luan et al. 2020; Bolognini
and Magi 2021). Caution should be exercised when inter-
preting identified CN'Vs and manual analysis, if possible,
is highly recommended (Yang 2020). Notable variant call-
ers are PBHoney (English et al. 2014) originally designed
for PacBio reads but which performs well with Nanopore
(Mahmoud et al. 2019; Luan et al. 2020; Bolognini and Magi
2021), CuteSV (Jiang et al. 2020) and Sniffles2 (Smolka
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et al. 2022) a major update to the popular Sniffles tool
(Sedlazeck et al. 2018).

Single-Nucleotide Variant Calling

While nucleotide level accuracy for Nanopore is improv-
ing it has historically lagged behind that of Illumina short-
read or PacBio HiFi (Sereika et al. 2022). However, recent
improvements in Nanopore sequencing accuracy have made
it possible to meaningfully identify single-nucleotide vari-
ants at moderate sequencing depths (Wang et al. 2021b) and
continuing improvements in chemistry, such as the recently
released Kit 14, hold even greater promise. Because long-
read sequencing outperforms short-read sequencing in
resolving challenging sequences and phasing (Wagner et al.
2022) and PacBio HiFi has very high accuracy, it does make
long-read sequencing a compelling tool for SNV detection.
Several options exist ranging from Clair3 (Zheng et al. 2021)
a continuation of the popular Clairvoyant tool (Luo et al.
2020) to NanoCaller (Ahsan et al. 2021). A recent com-
parison found similar performance metrics between the most
popular packages (Helal et al. 2022).

Sequence Assembly

An alternative to alignment is the de novo assembly of
sequence reads, using tools such as Flye (Kolmogorov et al.
2019), Canu (Koren et al. 2017), or Raven (Vaser and Siki¢
2021). Long-read assemblers aim to generate the longest
and most accurate genomic reconstructions possible by join-
ing reads together into contigs (Latorre-Pérez et al. 2020)
and often perform well given sufficient depth (Zhang et al.
2022). In addition to long-read only assemblers, hybrid
assemblers also exist that leverage short-read sequenc-
ing technology to aid in resolution and reduce artifactual
calls (Brown et al. 2021). While most obviously useful for
low-complexity metagenomics (Somerville et al. 2019; De
Coster et al. 2021), genomes with complex SVs (Spealman
et al. 2022) or de novo genome drafting (Wang et al. 2021a),
assemblers are also useful for the identification of potential
contaminants such as unintentional organisms, plasmids, and
viruses. In our lab we have used both long-read and hybrid
assemblers, metaFlye (Kolmogorov et al. 2020) and MaS-
uRCA (Zimin et al. 2013). Caution should be taken however,
as no automated assembly is perfect, and when a compara-
ble reference genome is available additional steps should be
performed to validate the assembly, such as a whole genome
alignment using dotplots, assembly correction (Alonge et al.
2019), and annotation (Shumate and Salzberg 2020).
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Limitations

While long-read sequencing has numerous advantages over
short-read sequencing, especially in the identification of
CNVs, it also has drawbacks and limitations that should
be considered before adoption. Compared to Illumina or
PacBio, Nanopore is relatively inexpensive upfront cost,
as ONT'’s starter kit of a flow cell, library preparation Kkit,
and Minlon device is currently ~$1000 USD, making it far
cheaper than either competitor's smallest platform (Tvedte
et al. 2021). However, after initial investment, PacBio’s
Sequel II is cheaper per-base of sequence and delivers 2—5
times the data (Tvedte et al. 2021) often with higher levels
of CNV resolution and accuracy (Mahmoud et al. 2021).

It is also worth noting that different experiments will
be better suited to different technologies. Nanopore is best
suited for smaller runs, such as whole genome sequencing
of a single clonal yeast strain, or a dozen such strains with
the addition of multiplex barcoding. Similarly, Nanopore is
well-suited for the metagenomic analysis of low-complexity
populations (Somerville et al. 2019). For larger genomes or
communities of greater diversity, the efficiencies of scale
shift in favor of PacBio (Tvedte et al. 2021; De Coster et al.
2021).

Finally, while long-read sequencing offers the ability to
sequence across challenging sequences, the technologies
have not completely overcome the biases and limitations
of short-read sequencing (Amarasinghe et al. 2020). Nano-
pore, because of its reliance on pore conformation shifts
and translocation rates, has difficulty with homopolymers
(Amarasinghe et al. 2020), GC bias (Delahaye and Nicolas
2021), and large-scale secondary structures (Spealman et al.
2020) such as those generated by Origin Dependant Inverted
Repeat Amplification (ODIRA) CNVs (Lauer et al. 2018).
Furthermore, while long-read and ultra-long-read lengths
can aid in the algorithmic determination of genome struc-
tures and structural variants, the implementation of these
algorithms is still developing and will require additional
manual refinement for the foreseeable future.

Future Directions
Alternatives to Clonal Isolation

Whereas clonal isolation remains the simplest means of
probing population CNV diversity, alternative methods
are being actively developed. Single-cell sequencing meth-
ods are one appealing approach to increasing sample size
and throughput. However, with the suspension of the 10X
Genomics Single-Cell CNV technology in 2020 and Nano-
pore-enabled single-cell sequencing requiring additional
hardware (Tian et al. 2021), single-cell approaches are cur-
rently outside of the reach of most labs.
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Adaptive Sampling for Focused Analysis

Adaptive sampling is another method that has garnered
attention for probing of diversity within populations (Loose
et al. 2016; Miller et al. 2021; Mariya et al. 2022; Martin
et al. 2022). Briefly, adaptive sampling uses Nanopore’s real-
time sequencing in conjunction with ‘Read Until’ tools to
evaluate the raw signal or base-called sequence and then per-
form some logical operation based on user defined criteria
to decide if the read should continue to be sequenced or be
rejected. It can also aid in the reduction of wasted sequenc-
ing as a saturation cut-off can be set that excludes sequences
once a certain abundance has been reached (Payne et al.
2021). Unfortunately, the ONT supported Nanopore Adap-
tive Sampling (NAS) software is computationally intensive
(Masutani and Morishita 2019) and requires hardware that
can be prohibitively expensive. While free, computationally
cheap, open source alternatives to NAS have been devel-
oped (Edwards et al. 2019; Payne et al. 2021; Ulrich et al.
2022) they are often rapidly rendered obsolete by ONT’s
software update regimen, updates often lack backwards com-
patibility and often feature the removal of previous versions
from online repositories. Despite these challenges, adaptive
sampling is still an active area of research undergoing rapid
development that may present an attractive approach in the
near future.

Deep Signal Identification

With the advent of big data and accessible machine-learning
(ML) and deep-neural network (DNN) platforms a trend has
begun to emerge that seeks to extend beyond sequence level
information to deeper biological signals that are present
within the data but which are subtle, complex, or poorly
understood (Wan et al. 2022). These tools can already
identify the differences between nuclear and mitochondrial
genomes (Danilevsky et al. 2022) as well as human and bac-
terial genomes (Bao et al. 2021). Species-specific basecallers
trained on the genomes of specific species of plants are able
to outperform ‘universal’ base-callers (Ferguson et al. 2022).
Similarly, a rise in species-specific variant callers such as
PEPPER-DeepVariant (Shafin et al. 2021) suggest informa-
tion rich differences exist in variants as well. Currently, it
is unclear what aspects of genome and variant biology are
causing the improved performance but one possibility is
altered patterns of DNA modifications such as methylation
and chromatin accessibility (Wan et al. 2022). While these
are known to change under aneuploidy in humans (Veronese
2020) and yeast (Mulla et al. 2017) it is not known if this
would also extend, in whole or in part, to CNVs. However,
the capacity to directly detect CNVs, SVs, and supernumer-
ary chromosomes regardless of the underlying sequence

would present a powerful tool for understanding genome
dynamics and evolution.

Conclusion

CNVs are an important class of genetic variation with impor-
tant roles in adaptive evolution. Experimental evolution is
well-suited to studying the role of CNVs and addressing
fundamental questions about CNV diversity and dynamics,
molecular processes that promote or inhibit the formation
of CNVs, and the consequences of CN'Vs for the organism.
Here we have summarized two tools that are critical for the
efficient and accurate study of CNVs. The combination of
CNV reporters and long-read sequencing enables unprec-
edented resolution of CNV-mediated adaptation and opens
the door to a range of newly addressable questions.

Acknowledgements Research in the Gresham lab is supported by the
NIH (R0O1GM 134066 and RO1GM107466) and NSF (NSF 1818234).
Julie N. Chuong is the recipient of a NSF GRFP (DGE1839302)
.Research reported in this publication was supported by the National
Institute Of General Medical Sciences of the National Institutes of
Health under Award Number T32GM132037. The content is solely
the responsibility of the authors and does not necessarily represent the
official views of the National Institutes of Health.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long
as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons licence, and indicate if changes
were made. The images or other third party material in this article are
included in the article's Creative Commons licence, unless indicated
otherwise in a credit line to the material. If material is not included in
the article's Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will
need to obtain permission directly from the copyright holder. To view a
copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

References

Ahsan MU, Liu Q, Fang L, Wang K (2021) NanoCaller for accu-
rate detection of SNPs and indels in difficult-to-map regions
from long-read sequencing by haplotype-aware deep neu-
ral networks. Genome Biol 22:261. https://doi.org/10.1186/
$13059-021-02472-2

Alkan C, Coe BP, Eichler EE (2011) Genome structural variation dis-
covery and genotyping. Nat Rev Genet 12:363-376. https://doi.
org/10.1038/nrg2958

Alonge M, Soyk S, Ramakrishnan S et al (2019) RaGOO: fast and
accurate reference-guided scaffolding of draft genomes. Genome
Biol 20:224. https://doi.org/10.1186/s13059-019-1829-6

Amarasinghe SL, Su S, Dong X et al (2020) Opportunities and chal-
lenges in long-read sequencing data analysis. Genome Biol
21:1-16. https://doi.org/10.1186/s13059-020-1935-5

Avecilla G, Chuong JN, Li F et al (2022) Neural networks enable effi-
cient and accurate simulation-based inference of evolutionary

@ Springer


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1186/s13059-021-02472-2
https://doi.org/10.1186/s13059-021-02472-2
https://doi.org/10.1038/nrg2958
https://doi.org/10.1038/nrg2958
https://doi.org/10.1186/s13059-019-1829-6
https://doi.org/10.1186/s13059-020-1935-5

366

Journal of Molecular Evolution (2023) 91:356-368

parameters from adaptation dynamics. PLoS Biol 20:¢3001633.
https://doi.org/10.1371/journal.pbio.3001633

Bao Y, Wadden J, Erb-Downward JR et al (2021) SquiggleNet: real-
time, direct classification of nanopore signals. Genome Biol
22:298. https://doi.org/10.1186/s13059-021-02511-y

Bergin SA, Zhao F, Ryan AP et al (2022) Systematic analysis of copy
number variations in the pathogenic yeast candida parapsilosis
identifies a gene amplification in RTA3 that is associated with
drug resistance. Mbio 13:e0177722. https://doi.org/10.1128/
mbio.01777-22

Blount ZD, Maddamsetti R, Grant NA et al (2020) Genomic and
phenotypic evolution of Escherichia coli in a novel citrate-only
resource environment. Elife. https://doi.org/10.7554/eLife.55414

Bolognini D, Magi A (2021) Evaluation of germline structural vari-
ant calling methods for nanopore sequencing data. Front Genet
12:761791. https://doi.org/10.3389/fgene.2021.761791

Boza V, Peresini P, Brejova B, Vinaf T (2020) DeepNano-blitz: a fast
base caller for MinION nanopore sequencers. Bioinformatics
36:4191-4192. https://doi.org/10.1093/bioinformatics/btaa297

Brown CJ, Todd KM, Rosenzweig RF (1998) Multiple duplications
of yeast hexose transport genes in response to selection in a glu-
cose-limited environment. Mol Biol Evol 15:931-942. https://
doi.org/10.1093/oxfordjournals.molbev.a026009

Brown CL, Keenum IM, Dai D et al (2021) Critical evaluation of short,
long, and hybrid assembly for contextual analysis of antibiotic
resistance genes in complex environmental metagenomes. Sci
Rep 11:3753. https://doi.org/10.1038/s41598-021-83081-8

Cairns J, Foster PL (1991) Adaptive reversion of a frameshift mutation
in Escherichia coli. Genetics 128:695-701. https://doi.org/10.
1093/genetics/128.4.695

Cairns J, Overbaugh J, Miller S (1988) The origin of mutants. Nature
335:142-145. https://doi.org/10.1038/335142a0

Conant GC, Wolfe KH (2008) Turning a hobby into a job: how dupli-
cated genes find new functions. Nat Rev Genet 9:938-950.
https://doi.org/10.1038/nrg2482

Danilevsky A, Polsky AL, Shomron N (2022) Adaptive sequencing
using nanopores and deep learning of mitochondrial DNA. Brief
Bioinform. https://doi.org/10.1093/bib/bbac251

De Coster W, De Rijk P, De Roeck A et al (2019) Structural variants
identified by Oxford Nanopore PromethION sequencing of the
human genome. Genome Res 29:1178-1187. https://doi.org/10.
1101/gr.244939.118

De Coster W, Weissensteiner MH, Sedlazeck FJ (2021) Towards pop-
ulation-scale long-read sequencing. Nat Rev Genet 22:572-587.
https://doi.org/10.1038/s41576-021-00367-3

Delahaye C, Nicolas J (2021) Sequencing DNA with nanopores: trou-
bles and biases. PLoS ONE 16:€0257521. https://doi.org/10.
1371/journal.pone.0257521

Dragosits M, Mattanovich D (2013) Adaptive laboratory evolution—
principles and applications for biotechnology. Microb Cell Fact
12:64. https://doi.org/10.1186/1475-2859-12-64

Edwards HS, Krishnakumar R, Sinha A et al (2019) Real-time selective
sequencing with RUBRIC: read until with basecall and refer-
ence-informed criteria. Sci Rep 9:11475. https://doi.org/10.1038/
s41598-019-47857-3

English AC, Salerno WJ, Reid JG (2014) PBHoney: identifying
genomic variants via long-read discordance and interrupted
mapping. BMC Bioinform 15:180. https://doi.org/10.1186/
1471-2105-15-180

Feng Z, Clemente JC, Wong B, Schadt EE (2021) Detecting and phas-
ing minor single-nucleotide variants from long-read sequenc-
ing data. Nat Commun 12:3032. https://doi.org/10.1038/
s41467-021-23289-4

Ferguson S, McLay T, Andrew RL et al (2022) Species-specific
basecallers improve actual accuracy of nanopore sequencing

@ Springer

in plants. Plant Methods 18:137. https://doi.org/10.1186/
s13007-022-00971-2

Freeman JL, Perry GH, Feuk L et al (2006) Copy number variation:
new insights in genome diversity. Genome Res 16:949-961.
https://doi.org/10.1101/gr.3677206

Gautier M, Foucaud J, Gharbi K et al (2013) Estimation of population
allele frequencies from next-generation sequencing data: pool-
versus individual-based genotyping. Mol Ecol 22:3766-3779.
https://doi.org/10.1111/mec.12360

Gilchrist C, Stelkens R (2019) Aneuploidy in yeast: Segregation error
or adaptation mechanism? Yeast. https://doi.org/10.1002/yea.
3427

Gorter de Vries AR, Pronk JT, Daran J-MG (2017) Industrial relevance
of chromosomal copy number variation in saccharomyces yeasts.
Appl Environ Microbiol. https://doi.org/10.1128/AEM.03206-16

Grenson M, Hou C, Crabeel M (1970) Multiplicity of the amino acid
permeases in Saccharomyces cerevisiae. IV. Evidence for a gen-
eral amino acid permease. J Bacteriol 103:770-777. https://doi.
org/10.1128/jb.103.3.770-777.1970

Gresham D, Dunham MJ (2014) The enduring utility of continuous
culturing in experimental evolution. Genomics 104:399-405.
https://doi.org/10.1016/j.ygeno.2014.09.015

Gresham D, Hong J (2015) The functional basis of adaptive evolution
in chemostats. FEMS Microbiol Rev 39:2-16. https://doi.org/10.
1111/1574-6976.12082

Gresham D, Desai MM, Tucker CM et al (2008) The repertoire and
dynamics of evolutionary adaptations to controlled nutrient-
limited environments in yeast. PLoS Genet 4:¢1000303. https://
doi.org/10.1371/journal.pgen.1000303

Gresham D, Usaite R, Germann SM et al (2010) Adaptation to diverse
nitrogen-limited environments by deletion or extrachromosomal
element formation of the GAP1 locus. Proc Natl Acad Sci USA
107:18551-18556. https://doi.org/10.1073/pnas.1014023107

Griesbeck O, Baird GS, Campbell RE et al (2001) Reducing the envi-
ronmental sensitivity of yellow fluorescent protein. Mechanism
and applications. J Biol Chem 276:29188-29194. https://doi.org/
10.1074/jbc.M102815200

Hammill D (2021) CytoExploreR: interactive analysis of cytometry
data. Version R package version 1.1.0. https://github.com/Dillo
nHammill/CytoExploreR. Accessed 2 Sept 2022

Hansche PE (1975) Gene duplication as a mechanism of genetic
adaptation in Saccharomyces cerevisiae. Genetics 79:661-674.
https://doi.org/10.1093/genetics/79.4.661

Helal AA, Saad BT, Saad MT et al (2022) Evaluation of the available
variant calling tools for oxford nanopore sequencing in breast
cancer. Genes 13:1583. https://doi.org/10.3390/genes13091583

Hong J, Gresham D (2014) Molecular specificity, convergence and
constraint shape adaptive evolution in nutrient-poor environ-
ments. PLoS Genet 10:e1004041. https://doi.org/10.1371/journ
al.pgen.1004041

Horiuchi T, Horiuchi S, Novick A (1963) The genetic basis of hyper-
synthesis of beta-galactosidase. Genetics 48:157-169. https://
doi.org/10.1093/genetics/48.2.157

Ho SS, Urban AE, Mills RE (2019) Structural variation in the sequenc-
ing era. Nat Rev Genet 21:171-189. https://doi.org/10.1038/
s41576-019-0180-9

Hull RM, Cruz C, Jack CV, Houseley AJ (2017) Environmental change
drives accelerated adaptation through stimulated copy number
variation. PLoS Biol 15:e2001333

Jacobs PA (1981) Mutation rates of structural chromosome rearrange-
ments in man. Am J Hum Genet 33:44-54

Jiang T, Liu Y, Jiang Y et al (2020) Long-read-based human genomic
structural variation detection with cuteSV. Genome Biol 21:189.
https://doi.org/10.1186/s13059-020-02107-y


https://doi.org/10.1371/journal.pbio.3001633
https://doi.org/10.1186/s13059-021-02511-y
https://doi.org/10.1128/mbio.01777-22
https://doi.org/10.1128/mbio.01777-22
https://doi.org/10.7554/eLife.55414
https://doi.org/10.3389/fgene.2021.761791
https://doi.org/10.1093/bioinformatics/btaa297
https://doi.org/10.1093/oxfordjournals.molbev.a026009
https://doi.org/10.1093/oxfordjournals.molbev.a026009
https://doi.org/10.1038/s41598-021-83081-8
https://doi.org/10.1093/genetics/128.4.695
https://doi.org/10.1093/genetics/128.4.695
https://doi.org/10.1038/335142a0
https://doi.org/10.1038/nrg2482
https://doi.org/10.1093/bib/bbac251
https://doi.org/10.1101/gr.244939.118
https://doi.org/10.1101/gr.244939.118
https://doi.org/10.1038/s41576-021-00367-3
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1371/journal.pone.0257521
https://doi.org/10.1186/1475-2859-12-64
https://doi.org/10.1038/s41598-019-47857-3
https://doi.org/10.1038/s41598-019-47857-3
https://doi.org/10.1186/1471-2105-15-180
https://doi.org/10.1186/1471-2105-15-180
https://doi.org/10.1038/s41467-021-23289-4
https://doi.org/10.1038/s41467-021-23289-4
https://doi.org/10.1186/s13007-022-00971-2
https://doi.org/10.1186/s13007-022-00971-2
https://doi.org/10.1101/gr.3677206
https://doi.org/10.1111/mec.12360
https://doi.org/10.1002/yea.3427
https://doi.org/10.1002/yea.3427
https://doi.org/10.1128/AEM.03206-16
https://doi.org/10.1128/jb.103.3.770-777.1970
https://doi.org/10.1128/jb.103.3.770-777.1970
https://doi.org/10.1016/j.ygeno.2014.09.015
https://doi.org/10.1111/1574-6976.12082
https://doi.org/10.1111/1574-6976.12082
https://doi.org/10.1371/journal.pgen.1000303
https://doi.org/10.1371/journal.pgen.1000303
https://doi.org/10.1073/pnas.1014023107
https://doi.org/10.1074/jbc.M102815200
https://doi.org/10.1074/jbc.M102815200
https://github.com/DillonHammill/CytoExploreR
https://github.com/DillonHammill/CytoExploreR
https://doi.org/10.1093/genetics/79.4.661
https://doi.org/10.3390/genes13091583
https://doi.org/10.1371/journal.pgen.1004041
https://doi.org/10.1371/journal.pgen.1004041
https://doi.org/10.1093/genetics/48.2.157
https://doi.org/10.1093/genetics/48.2.157
https://doi.org/10.1038/s41576-019-0180-9
https://doi.org/10.1038/s41576-019-0180-9
https://doi.org/10.1186/s13059-020-02107-y

Journal of Molecular Evolution (2023) 91:356-368

367

Johnson MS, Venkataram S, Kryazhimskiy S (2023) Best practices in
designing, sequencing, and identifying random DNA barcodes. J
Mol Evol. https://doi.org/10.1007/s00239-022-10083-z

Kao KC, Sherlock G (2008) Molecular characterization of clonal inter-
ference during adaptive evolution in asexual populations of Sac-
charomyces cerevisiae. Nat Genet 40:1499—1504. https://doi.org/
10.1038/ng.280

Kieleczawa J (2006) Fundamentals of sequencing of difficult tem-
plates—an overview. J Biomol Tech 17:207-217

Knoppel A, Knopp M, Albrecht LM et al (2018) Genetic adaptation
to growth under laboratory conditions in Escherichia coli and
Salmonella enterica. Front Microbiol. https://doi.org/10.3389/
fmicb.2018.00756

Kolmogorov M, Yuan J, Lin Y, Pevzner PA (2019) Assembly of long,
error-prone reads using repeat graphs. Nat Biotechnol 37:540—
546. https://doi.org/10.1038/s41587-019-0072-8

Kolmogorov M, Bickhart DM, Behsaz B et al (2020) metaFlye: scalable
long-read metagenome assembly using repeat graphs. Nat Meth-
ods 17:1103-1110. https://doi.org/10.1038/s41592-020-00971-x

Koren S, Walenz BP, Berlin K et al (2017) Canu: scalable and accu-
rate long-read assembly via adaptive k-mer weighting and repeat
separation. Genome Res 27:722-736. https://doi.org/10.1101/gr.
215087.116

Lang GI, Botstein D, Desai MM (2011) Genetic variation and the
fate of beneficial mutations in asexual populations. Genetics
188:647-661. https://doi.org/10.1534/genetics.111.128942

Latorre-Pérez A, Villalba-Bermell P, Pascual J, Vilanova C (2020)
Assembly methods for nanopore-based metagenomic sequenc-
ing: a comparative study. Sci Rep 10:1-14. https://doi.org/10.
1038/541598-020-70491-3

Lauer S, Avecilla G, Spealman P et al (2018) Single-cell copy number
variant detection reveals the dynamics and diversity of adapta-
tion. PLoS Biol 16:€3000069. https://doi.org/10.1371/journal.
pbio.3000069

Lavrichenko K, Johansson S, Jonassen I (2021) Comprehensive char-
acterization of copy number variation (CNV) called from array,
long- and short-read data. BMC Genom 22:826. https://doi.org/
10.1186/512864-021-08082-3

Lenski RE (2023) Revisiting the design of the long-term evolution
experiment with Escherichia coli. J Mol Evol. https://doi.org/
10.1007/500239-023-10095-3

Levy SF, Blundell JR, Venkataram S et al (2015) Quantitative evolu-
tionary dynamics using high-resolution lineage tracking. Nature
519:181-186. https://doi.org/10.1038/nature 14279

Li H (2021) New strategies to improve minimap2 alignment accuracy.
Bioinformatics. https://doi.org/10.1093/bioinformatics/btab705

Logsdon GA, Vollger MR, Hsieh P et al (2021) The structure, func-
tion and evolution of a complete human chromosome 8. Nature
593:101-107. https://doi.org/10.1038/s41586-021-03420-7

Loose M, Malla S, Stout M (2016) Real-time selective sequencing
using nanopore technology. Nat Methods 13:751-754. https://
doi.org/10.1038/nmeth.3930

Luan M-W, Zhang X-M, Zhu Z-B et al (2020) Evaluating structural
variation detection tools for long-read sequencing datasets in
Saccharomyces cerevisiae. Front Genet 11:159. https://doi.org/
10.3389/fgene.2020.00159

Luo R, Wong C-L, Wong Y-S et al (2020) Exploring the limit of
using a deep neural network on pileup data for germline vari-
ant calling. Nat Mach Intell 2:220-227. https://doi.org/10.1038/
$42256-020-0167-4

Mahmoud M, Gobet N, Cruz-Davalos DI et al (2019) Structural variant
calling: the long and the short of it. Genome Biol 20:246. https://
doi.org/10.1186/s13059-019-1828-7

Mahmoud M, Doddapaneni H, Timp W, Sedlazeck FJ (2021) PRIN-
CESS: comprehensive detection of haplotype resolved SNVs,

SVs, and methylation. Genome Biol 22:268. https://doi.org/10.
1186/s13059-021-02486-w

Mariya T, Kato T, Sugimoto T et al (2022) Target enrichment
long-read sequencing with adaptive sampling can determine
the structure of the small supernumerary marker chromo-
somes. J] Hum Genet 67:363-368. https://doi.org/10.1038/
$10038-021-01004-x

Martin S, Heavens D, Lan Y et al (2022) Nanopore adaptive sampling:
a tool for enrichment of low abundance species in metagen-
omic samples. Genome Biol 23:11. https://doi.org/10.1186/
$13059-021-02582-x

Masutani B, Morishita S (2019) A framework and an algorithm to
detect low-abundance DNA by a handy sequencer and a palm-
sized computer. Bioinformatics 35:584-592. https://doi.org/10.
1093/bioinformatics/bty663

Miller DE, Sulovari A, Wang T et al (2021) Targeted long-read
sequencing identifies missing disease-causing variation. Am J
Hum Genet 108:1436-1449. https://doi.org/10.1016/j.ajhg.2021.
06.006

Mishra S, Whetstine JR (2016) Different facets of copy number
changes: permanent, transient, and adaptive. Mol Cell Biol
36:1050-1063. https://doi.org/10.1128/MCB.00652-15

Mulla WA, Seidel CW, Zhu J et al (2017) Aneuploidy as a cause of
impaired chromatin silencing and mating-type specification in
budding yeast. Elife. https://doi.org/10.7554/eLife.27991

Nguyen Ba AN, Cvijovi¢ I, Rojas Echenique JI et al (2019) High-
resolution lineage tracking reveals travelling wave of adaptation
in laboratory yeast. Nature 575:494-499. https://doi.org/10.1038/
s41586-019-1749-3

Nurk S, Koren S, Rhie A et al (2022) The complete sequence of a
human genome. Science 376:44-53. https://doi.org/10.1126/
science.abj6987

Payen C, Di Rienzi SC, Ong GT et al (2014) The dynamics of diverse
segmental amplifications in populations of Saccharomyces cer-
evisiae adapting to strong selection. G3 4:399-4009. https://doi.
org/10.1534/g3.113.009365

Payne A, Holmes N, Clarke T et al (2021) Readfish enables targeted
nanopore sequencing of gigabase-sized genomes. Nat Biotechnol
39:442-450. https://doi.org/10.1038/s41587-020-00746-x

Pirooznia M, Goes FS, Zandi PP (2015) Whole-genome CNV analysis:
advances in computational approaches. Front Genet. https://doi.
org/10.3389/fgene.2015.00138

Ren J, Chaisson MJP (2021) Ira: a long read aligner for sequences
and contigs. PLoS Comput Biol 17:e1009078. https://doi.org/
10.1371/journal.pcbi. 1009078

Schneider M, Shrestha A, Ballvora A, Léon J (2022) High-throughput
estimation of allele frequencies using combined pooled-popu-
lation sequencing and haplotype-based data processing. Plant
Methods 18:34. https://doi.org/10.1186/s13007-022-00852-8

Schwartz K, Sherlock G (2016) High-throughput yeast strain sequenc-
ing. Cold Spring Harb Protoc. https://doi.org/10.1101/pdb.top07
7651

Sedlazeck FJ, Rescheneder P, Smolka M et al (2018) Accurate detec-
tion of complex structural variations using single-molecule
sequencing. Nat Methods 15:461-468. https://doi.org/10.1038/
s41592-018-0001-7

Selmecki A, Gerami-Nejad M, Paulson C et al (2008) An isochromo-
some confers drug resistance in vivo by amplification of two
genes, ERG11 and TAC1. Mol Microbiol 68:624—641. https://
doi.org/10.1111/j.1365-2958.2008.06176.x

Sereika M, Kirkegaard RH, Karst SM et al (2022) Oxford Nanopore
R10.4 long-read sequencing enables the generation of near-fin-
ished bacterial genomes from pure cultures and metagenomes
without short-read or reference polishing. Nat Methods 19:823—
826. https://doi.org/10.1038/s41592-022-01539-7

@ Springer


https://doi.org/10.1007/s00239-022-10083-z
https://doi.org/10.1038/ng.280
https://doi.org/10.1038/ng.280
https://doi.org/10.3389/fmicb.2018.00756
https://doi.org/10.3389/fmicb.2018.00756
https://doi.org/10.1038/s41587-019-0072-8
https://doi.org/10.1038/s41592-020-00971-x
https://doi.org/10.1101/gr.215087.116
https://doi.org/10.1101/gr.215087.116
https://doi.org/10.1534/genetics.111.128942
https://doi.org/10.1038/s41598-020-70491-3
https://doi.org/10.1038/s41598-020-70491-3
https://doi.org/10.1371/journal.pbio.3000069
https://doi.org/10.1371/journal.pbio.3000069
https://doi.org/10.1186/s12864-021-08082-3
https://doi.org/10.1186/s12864-021-08082-3
https://doi.org/10.1007/s00239-023-10095-3
https://doi.org/10.1007/s00239-023-10095-3
https://doi.org/10.1038/nature14279
https://doi.org/10.1093/bioinformatics/btab705
https://doi.org/10.1038/s41586-021-03420-7
https://doi.org/10.1038/nmeth.3930
https://doi.org/10.1038/nmeth.3930
https://doi.org/10.3389/fgene.2020.00159
https://doi.org/10.3389/fgene.2020.00159
https://doi.org/10.1038/s42256-020-0167-4
https://doi.org/10.1038/s42256-020-0167-4
https://doi.org/10.1186/s13059-019-1828-7
https://doi.org/10.1186/s13059-019-1828-7
https://doi.org/10.1186/s13059-021-02486-w
https://doi.org/10.1186/s13059-021-02486-w
https://doi.org/10.1038/s10038-021-01004-x
https://doi.org/10.1038/s10038-021-01004-x
https://doi.org/10.1186/s13059-021-02582-x
https://doi.org/10.1186/s13059-021-02582-x
https://doi.org/10.1093/bioinformatics/bty663
https://doi.org/10.1093/bioinformatics/bty663
https://doi.org/10.1016/j.ajhg.2021.06.006
https://doi.org/10.1016/j.ajhg.2021.06.006
https://doi.org/10.1128/MCB.00652-15
https://doi.org/10.7554/eLife.27991
https://doi.org/10.1038/s41586-019-1749-3
https://doi.org/10.1038/s41586-019-1749-3
https://doi.org/10.1126/science.abj6987
https://doi.org/10.1126/science.abj6987
https://doi.org/10.1534/g3.113.009365
https://doi.org/10.1534/g3.113.009365
https://doi.org/10.1038/s41587-020-00746-x
https://doi.org/10.3389/fgene.2015.00138
https://doi.org/10.3389/fgene.2015.00138
https://doi.org/10.1371/journal.pcbi.1009078
https://doi.org/10.1371/journal.pcbi.1009078
https://doi.org/10.1186/s13007-022-00852-8
https://doi.org/10.1101/pdb.top077651
https://doi.org/10.1101/pdb.top077651
https://doi.org/10.1038/s41592-018-0001-7
https://doi.org/10.1038/s41592-018-0001-7
https://doi.org/10.1111/j.1365-2958.2008.06176.x
https://doi.org/10.1111/j.1365-2958.2008.06176.x
https://doi.org/10.1038/s41592-022-01539-7

368

Journal of Molecular Evolution (2023) 91:356-368

Shafin K, Pesout T, Chang P-C et al (2021) Haplotype-aware variant
calling with PEPPER-Margin-Deep Variant enables high accu-
racy in nanopore long-reads. Nat Methods 18:1322-1332. https://
doi.org/10.1038/541592-021-01299-w

Shlien A, Malkin D (2009) Copy number variations and cancer.
Genome Med 1:62. https://doi.org/10.1186/gm62

Shumate A, Salzberg SL (2020) Liftoft: accurate mapping of gene
annotations. Bioinformatics 37:1639-1643. https://doi.org/10.
1093/bioinformatics/btaal016

Sleight SC, Lenski RE (2007) Evolutionary adaptation to freeze-
thaw-growth cycles in Escherichia coli. Physiol Biochem Zool
80:370-385. https://doi.org/10.1086/518013

Smolka M, Paulin LF, Grochowski CM et al (2022) Comprehensive
structural variant detection: from mosaic to population-level.
bioRxiv. https://doi.org/10.1101/2022.04.04.487055

Somerville V, Lutz S, Schmid M et al (2019) Long-read based de novo
assembly of low-complexity metagenome samples results in fin-
ished genomes and reveals insights into strain diversity and an
active phage system. BMC Microbiol 19:143. https://doi.org/10.
1186/5s12866-019-1500-0

Sonti RV, Roth JR (1989) Role of gene duplications in the adaptation
of Salmonella typhimurium to growth on limiting carbon sources.
Genetics 123:19-28. https://doi.org/10.1093/genetics/123.1.19

Spealman P, Avecilla G, Matthews J et al (2022) Complex genomic
rearrangements following selection in a glutamine-limited
medium over hundreds of generations. Microbiol Resour
Announc. https://doi.org/10.1128/mra.00729-22

Spealman P, Burrell J, Gresham D (2020) Inverted duplicate DNA
sequences increase translocation rates through sequencing nano-
pores resulting in reduced base calling accuracy. Nucleic Acids
Res. https://doi.org/10.1093/nar/gkaa206

Stanbrough M, Magasanik B (1995) Transcriptional and posttransla-
tional regulation of the general amino acid permease of Saccha-
romyces cerevisiae. ] Bacteriol 177:94-102. https://doi.org/10.
1128/jb.177.1.94-102.1995

Stratton MR, Campbell PJ, Futreal PA (2009) The cancer genome.
Nature 458:719-724. https://doi.org/10.1038/nature07943

Thorvaldsdéttir H, Robinson JT, Mesirov JP (2012) Integrative genom-
ics viewer (IGV): high-performance genomics data visualization
and exploration. Brief Bioinform 14:178—192. https://doi.org/10.
1093/bib/bbs017

Tian L, Jabbari JS, Thijssen R et al (2021) Comprehensive characteri-
zation of single-cell full-length isoforms in human and mouse
with long-read sequencing. Genome Biol 22:1-24. https://doi.
org/10.1186/s13059-021-02525-6

Todd RT, Selmecki A (2020) Expandable and reversible copy number
amplification drives rapid adaptation to antifungal drugs. Elife.
https://doi.org/10.7554/eLife.58349

Tomanek I, Guet CC (2022) Adaptation dynamics between copy-
number and point mutations. Elife 11:€82240. https://doi.org/
10.7554/eLife.82240

Tvedte ES, Gasser M, Sparklin BC et al (2021) Comparison of long-
read sequencing technologies in interrogating bacteria and fly

@ Springer

genomes. G3 Geneslgenomeslgenetics 11:jkab083. https://doi.
org/10.1093/g3journal/jkab083

Ulrich J-U, Lutfi A, Rutzen K, Renard BY (2022) ReadBouncer: pre-
cise and scalable adaptive sampling for nanopore sequencing.
Bioinformatics 38:1153-i160. https://doi.org/10.1093/bioinforma
tics/btac223

Vaser R, Siki¢ M (2021) Time- and memory-efficient genome assembly
with Raven. Nat Comput Sci 1:332-336. https://doi.org/10.1038/
s43588-021-00073-4

Veronese A (2020) Genome DNA methylation, aneuploidy and
immunity in cancer. Epigenomics. https://doi.org/10.2217/
epi-2020-0051

Wagner J, Olson ND, Harris L et al (2022) Benchmarking challenging
small variants with linked and long reads. Cell Genom 2:100128.
https://doi.org/10.1016/j.xgen.2022.100128

Wan YK, Hendra C, Pratanwanich PN, Goke J (2022) Beyond sequenc-
ing: machine learning algorithms extract biology hidden in nano-
pore signal data. Trends Genet 38:246-257. https://doi.org/10.
1016/j.tig.2021.09.001

Wang J, Chen K, Ren Q et al (2021a) Systematic comparison of the
performances of de novo genome assemblers for Oxford nano-
pore technology reads from piroplasm. Front Cell Infect Micro-
biol. https://doi.org/10.3389/fcimb.2021.696669

Wang Y, Zhao Y, Bollas A et al (2021b) Nanopore sequencing technol-
ogy, bioinformatics and applications. Nat Biotechnol 39:1348—
1365. https://doi.org/10.1038/s41587-021-01108-x

Wick RR, Judd LM, Holt KE (2019) Performance of neural network
basecalling tools for Oxford nanopore sequencing. Genome Biol
20:129. https://doi.org/10.1186/s13059-019-1727-y

Wing KM, Phillips MA, Baker AR, Burke MK (2020) Consequences
of cryopreservation in diverse natural isolates of Saccharomyces
cerevisiae. Genome Biol Evol 12:1302-1312. https://doi.org/10.
1093/gbe/evaal2l

Yang L (2020) A practical guide for structural variation detection in
the human genome. Curr Protoc Hum Genet 107:¢103. https://
doi.org/10.1002/cphg.103

Zhang X, Liu C-G, Yang S-H et al (2022) Benchmarking of long-read
sequencing, assemblers and polishers for yeast genome. Brief
Bioinform. https://doi.org/10.1093/bib/bbac146

Zheng Z, Li S, SuJ et al (2022) Symphonizing pileup and full-align-
ment for deep learning-based long-read variant calling. Nat Com-
put Sci 2:797-803. https://doi.org/10.1038/s43588-022-00387-x

Zimin AV, Margais G, Puiu D et al (2013) The MaSuRCA genome
assembler. Bioinformatics 29:2669-2677. https://doi.org/10.
1093/bioinformatics/btt476

Ziv N, Brandt NJ, Gresham D (2013) The use of chemostats in micro-
bial systems biology. J vis Exp. https://doi.org/10.3791/50168

Zuellig MP, Sweigart AL (2018) Gene duplicates cause hybrid
lethality between sympatric species of Mimulus. PLoS Genet
14:e1007130. https://doi.org/10.1371/journal.pgen.1007130


https://doi.org/10.1038/s41592-021-01299-w
https://doi.org/10.1038/s41592-021-01299-w
https://doi.org/10.1186/gm62
https://doi.org/10.1093/bioinformatics/btaa1016
https://doi.org/10.1093/bioinformatics/btaa1016
https://doi.org/10.1086/518013
https://doi.org/10.1101/2022.04.04.487055
https://doi.org/10.1186/s12866-019-1500-0
https://doi.org/10.1186/s12866-019-1500-0
https://doi.org/10.1093/genetics/123.1.19
https://doi.org/10.1128/mra.00729-22
https://doi.org/10.1093/nar/gkaa206
https://doi.org/10.1128/jb.177.1.94-102.1995
https://doi.org/10.1128/jb.177.1.94-102.1995
https://doi.org/10.1038/nature07943
https://doi.org/10.1093/bib/bbs017
https://doi.org/10.1093/bib/bbs017
https://doi.org/10.1186/s13059-021-02525-6
https://doi.org/10.1186/s13059-021-02525-6
https://doi.org/10.7554/eLife.58349
https://doi.org/10.7554/eLife.82240
https://doi.org/10.7554/eLife.82240
https://doi.org/10.1093/g3journal/jkab083
https://doi.org/10.1093/g3journal/jkab083
https://doi.org/10.1093/bioinformatics/btac223
https://doi.org/10.1093/bioinformatics/btac223
https://doi.org/10.1038/s43588-021-00073-4
https://doi.org/10.1038/s43588-021-00073-4
https://doi.org/10.2217/epi-2020-0051
https://doi.org/10.2217/epi-2020-0051
https://doi.org/10.1016/j.xgen.2022.100128
https://doi.org/10.1016/j.tig.2021.09.001
https://doi.org/10.1016/j.tig.2021.09.001
https://doi.org/10.3389/fcimb.2021.696669
https://doi.org/10.1038/s41587-021-01108-x
https://doi.org/10.1186/s13059-019-1727-y
https://doi.org/10.1093/gbe/evaa121
https://doi.org/10.1093/gbe/evaa121
https://doi.org/10.1002/cphg.103
https://doi.org/10.1002/cphg.103
https://doi.org/10.1093/bib/bbac146
https://doi.org/10.1038/s43588-022-00387-x
https://doi.org/10.1093/bioinformatics/btt476
https://doi.org/10.1093/bioinformatics/btt476
https://doi.org/10.3791/50168
https://doi.org/10.1371/journal.pgen.1007130

	Best Practices in Microbial Experimental Evolution: Using Reporters and Long-Read Sequencing to Identify Copy Number Variation in Experimental Evolution
	Abstract
	Using Reporter Systems to Interrogate Locus-Specific CNV Dynamics
	Introduction
	Construction
	Copy Number Control Strains
	Real-Time Monitoring of CNVs
	Flow Cytometry Analysis for Studying Population-Level CNV Dynamics
	Gate-Based Flow Cytometry Analysis
	Quantifying Dynamics of CNVs
	Non-gate-Based Flow Analysis Based on Fluorescence Signals to Visualize Copy Number Dynamics
	Isolation of CNV Lineages
	Barcode Lineage Tracking Can Reveal Intra-population CNV Dynamics

	Limitations
	Future Directions

	Long-Read DNA Nanopore Sequencing
	Introduction
	Clonal Isolation and Experimental Methods
	Bioinformatic Approach
	Base-Calling
	Sequence Alignment
	Structural Variant Calling
	Single-Nucleotide Variant Calling
	Sequence Assembly

	Limitations
	Future Directions
	Alternatives to Clonal Isolation
	Adaptive Sampling for Focused Analysis
	Deep Signal Identification


	Conclusion
	Acknowledgements 
	References


