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METHODS FOR DETECTING COPY-NUMBER VARIATIONS IN NEXT-GENERATION 

SEQUENCING 

FIELD OF THE INVENTION 

5 Methods described herein relate to genomic analysis in general, and more specifically to next 

generation sequencing applications.  

BACKGROUND OF THE INVENTION 

Next-generation sequencing 

Next-generation sequencing (NGS) or massively parallel sequencing (MPS) technologies have 

10 significantly decreased the cost of DNA sequencing in the past decade. NGS has broad application in 

biology and dramatically changed the way of research or diagnosis methodologies. For example, RNA 

expression profiling or DNA sequencing can only be conducted with a few numbers of genes with 

traditional methods, such as quantitative PCR or Sanger sequencing. Even with microarrays, profiling 

the gene expression or identifying the mutation at the whole genome level can only be implemented 

15 for organisms whose genome size is relatively small. With NGS technology, RNA profiling or whole 

genome sequencing has become a routine practice now in biological research. On the other hand, due 

to the high throughput of NGS, multiplexed methods have been developed not just to sequence more 

regions but also to sequence more samples. Compared to the traditional Sanger sequencing technology, 

NGS enables the detection of mutation for much more samples in different genes in parallel. Due to 

20 its superiorities over traditional sequencing method, NGS sequencers are now replacing Sanger in 

routine diagnosis. In particular, genomic variations of individuals can now be routinely analyzed for a 

number of medical applications ranging from genetic disease diagnostic to pharmacogenomics fine

tuning of medication in precision medicine practice. NGS consists in processing multiple fragmented 

DNA sequence reads, typically short ones (less than 300 nucleotide base pairs). The resulting reads 

25 can then be compared to a reference genome by means of a number of bioinformatics methods, to 

identify small variants such as Single Nucleotide Polymorphisms (SNP) corresponding to a single 

nucleotide substitution, as well as short insertions and deletions (INDEL) of nucleotides in the DNA 

sequence compared to its reference.  

Targeted enrichment 

30 In some pathologies, a specific gene variant has been associated with the illness, such as the BRCA1 

and BRCA2 genes in certain forms of hereditary breast and ovarian cancers or the CFTR gene in 
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cystic fibrosis. Rather than sequencing the whole genome (WGS) from an individual sample, the 

genomic analysis can focus on the genome region associated with the illness, by targeting, with a set 

of region-specific DNA primers or probes, and enriching or amplifying, for instance with PCR 

(Polymerase Chain Reaction), the biological DNA sample specifically for sub-regions corresponding 

5 to the gene along the DNA strand. A number of next generation sequencing assays have now been 

developed along those principles as ready-to-use biological kits, such as for instance the Multiplicom 

MASTR or the Illumina TruSeq@ Amplicon assay kits to facilitate DNA based diagnostics with 

next generation sequencers, such as for instance the Illumina MiSeq@ sequencer, in medical research 

and clinical practice.  

10 Target enrichment may be achieved from a small sample of DNA by means of probe-based 

hybridization (on arrays or in-solution) or highly multiplexed PCR-based targeted exon enrichment, so 

that both the gene coverage/read depth and the amplification specificity (amplifying the right region, 

as measured by further alignment to the desired target regions) are maximized. Examples of 

commercially available target enrichment systems include Agilent SureSelectTM Target Enrichment 

15 System, Roche NimbleGen SeqCap EZ, Illumina Nextera Rapid Capture, Agilent Haloplex TM, and 

Multiplicom MASTRTM.  

In order to maximize the use of the massively-parallel processing NGS sequencer, a number of 

samples are multiplexed in the targeted NGS experiment - a pool of 48 or more target enrichment 

samples can thus be simultaneously input to the Illumina MiSeq sequencer for instance. Raw 

20 sequencing data out of the NGS sequencer may then be analyzed to identify specific subsequences, for 

instance by alignment to a reference genome. As a result, the amplification may produce more than a 

thousand reads for a given amplicon in a patient sample.  

CNV detection 

In practice, beyond SNPs and INDELs, a number of pathologic genetic variants are caused by more 

25 significant changes in the DNA sequence. A copy-number variant ("Copy-number value", "Copy

number variation", or CNV) quantifies the number of copies of a particular region in the sample DNA 

sequence, that may be subject to long duplications (number of copies above the normal value) or 

deletions (number of copies below the normal value) of possibly more than several hundreds of 

nucleotides when compared to the reference genome. While next generation sequencing methods have 

30 been shown more efficient than traditional Sanger sequencing in the detection of SNPs and INDELs, 

detection of CNVs in targeted NGS raises a number of specific challenges for alignment to the 

reference genome or matching to some specific subsequences, as the read length is typically lower 

than 300bp, i.e. a shorter sequence than the overall CNV regions. State-of-the-art CNV detection 
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methods such as MLPA (Multiplex Ligation-dependent Probe Amplification) still require a separate 

experiment and genomic analysis workflow. This limits the advantages of NGS in practical genomic 

analysis applications, as different workflows to process different patient samples need to be conducted 

to detect the CNVs of pathological importance. Also, the state of the art CNV detection methods are 

5 low throughput and cannot simultaneously check CNVs for a large number of samples and regions in 

parallel. A number of solutions have thus been recently proposed in the literature to better address 

CNV detection with NGS workflows. One approach, as described for instance in W02014151511, 

consists in comparing the level of target amplicons to the level of a control amplicon so as to 

determine the presence of a CNV. However, this method is very sensitive to the choice of the control 

10 amplicon, which may not be readily available. Another approach consists in further optimizing the 

target enrichment step so as to have a better reference for CNV detection from the target enrichment 

sample pool itself. For instance, W02015112619 discloses the use of dummy primers to assign a 

unique set of reference nucleotide sequences to each bin of pre-sorted amplicons, at the expense of an 

extra PCR amplification step and iterative exhaustive search by the CNV detection module.  

15 W02014083147 proposes to optimize the PCR primers with a complementary region to the sequence 

to be analyzed on the 3' end and a non-complementary region on the 5' end. The latter methods 

require the use of a specific assay kit, which is too limitative for many current applications.  

There is therefore a need for a better solution to efficiently detect CNVs, possibly for a large number 

of samples and regions simultaneously, within a single targeted Next Generation Sequencing 

20 experiment, regardless of which underlying target enrichment technology has been used, and in as 

automated a workflow as possible to facilitate the research and clinical laboratory practice over the 

prior art methods.  

Any discussion of documents, acts, materials, devices, articles or the like which has been included in 

the present specification is not to be taken as an admission that any or all of these matters form part of 

25 the prior art base or were common general knowledge in the field relevant to the present disclosure as 

it existed before the priority date of each of the appended claims.  

Throughout this specification the word "comprise", or variations such as "comprises" or "comprising", 

will be understood to imply the inclusion of a stated element, integer or step, or group of elements, 

integers or steps, but not the exclusion of any other element, integer or step, or group of elements, 

30 integers or steps.  

BRIEF SUMMARY 
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According to the present invention there is provided a method for detecting copy

number values (CNV) from a pool of DNA samples enriched with a target enrichment 

technology, each enriched DNA sample being associated with a library of pooled 

fragments from a set of amplicons/regions, each amplicon/region being sequenced 

5 with a high-throughput sequencer to generate coverage count for each sample and for 

each amplicon/region, comprising: 

- normalizing, with a data processing unit, the coverage count associated with each sample; 

- selecting, with a data processing unit, for each sample, a subset of reference 

10 samples as the samples with the closest normalized coverage count to the 

normalized coverage count of said sample, the number NR of reference samples in 

each subset of reference samples being a function of the total number N of 

samples and the number NR being smaller than the total number N of samples; 

- for each sample, estimating the copy-number values in said sample as a function 

15 of at least the coverage counts in said sample and of at least the coverage counts 

in the selected subset of reference samples for said sample.  

Advantages may be achieved by a method for detecting copy number values (CNV) from a pool of 

DNA samples enriched with a target enrichment technology, each enriched DNA sample being 

associated with a library of pooled fragments from a set of amplicons/regions, each amplicon/region 

20 being sequenced with a high-throughput sequencer to generate coverage count for each sample and for 

each amplicon/region, comprising: normalizing, with a data processing unit, the coverage count 

associated with each sample; selecting, with a data processing unit, for each sample, a set of reference 

samples, within the pool of DNA samples, as the samples with the closest normalized coverage count 

to said sample normalized coverage count; and for each sample, estimating the copy number values in 

25 said sample as a function of at least the coverage counts in said sample and of at least the coverage 

counts in the selected set of reference samples for said sample.  

The number of reference samples may be a function of the total number of samples. It may be smaller 

than the total number of samples.  

Selecting a set of reference samples may comprise calculating a distance between the coverage counts 

30 normalized both within each sample/plex and within each region. The distance may be the Euclidean 

distance.  
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Normalizing the coverage count and/or selecting a set of reference samples may depend on an 

estimate of the copy number values for each sample and for each amplicon/region at a previous 

iteration. The prior estimate of the copy number values may be pre-defined. The prior estimate of the 

copy number values may be calculated iteratively, starting with a pre-defined prior estimate of the 

5 copy number values and using the result of the CNV detection at each iteration as the prior estimate of 

the copy number values in the subsequent iteration, until the copy number values estimate converges, 

reaches a cycle, or the number of iterations reaches a pre-defined limit.  

For each sample and for each amplicon/region, the likelihood for each possible copy number value 

may be estimated. A Hidden Markov Model may be further used to estimate the copy number values 

10 and their confidence levels for each amplicon/region. Possible copy number values for which the 

confidence level is below a minimum threshold may be filtered out from the results.  

The estimate of the copy number values may be calculated using information on the SNP fractions and 

coverage count.  

A principal-component filter may be applied to the coverage count.  

15 The number of reference samples may depend on the iteration index. In one iteration, the number of 

reference samples NR may equal the total number of samples N, while at another iteration the number 

of reference samples NR may be different from the total number of samples N.  

BRIEF DESCRIPTION OF THE DRAWINGS 

20 FIG.1 represents a targeted NGS genomic analysis functional workflow.  

FIG.2 schematically shows the structure of a coverage information table as input to the genomic data 

analyzer CNV detection module according a possible embodiment of the disclosure.  

FIG.3 illustrates exemplary a) amplicon-based and b) probe-based sample coverage information as 

retrieved and visualized with the IGV software from different state-of-the art targeted NGS platforms.  

25 FIG.4 shows a flowchart of a genomic data analyzer CNV detection module according a possible 

embodiment of the disclosure.  

DETAILED DESCRIPTION 

Genomic analysis system 
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FIG. 1 shows an exemplary genomic analysis system in accordance with a possible embodiment of the 

disclosure, comprising a targeted enrichment assay 100, a next generation sequencer 110 and a 

genomic data analyzer 120.  

A pool of DNA samples is processed by the targeted enrichment assay 100 to generate a library of 

5 DNA fragments prepared by amplicon-based enrichment or probe-based enrichment as input to the 

next generation sequencer 110, each set of fragments corresponding to a different DNA sample. The 

number of fragments is application dependent. For example, in some amplicon-based experiments, 

target enrichment may require 150 primers to enrich 75 different regions to be targeted out of the 

sample genome. In other probe-based experiments, probe enrichment may select, for example, DNA 

10 fragments from 413 selected regions. The number of samples may also be adapted to the next

generation sequencing sequencer 110 parallel processing capability, for instance 48 samples may be 

sequenced in parallel by an Illumina MiSeq sequencer. Other NGS sequencer technologies may be 

used, such as for instance the Roche 454TM GS Junior or GS FLX, Illumina MiSeq@, or Life 

Technologies Ion PGMTM sequencers.  

15 The next-generation sequencer 110 analyses the input samples and generates sequence reads in a 

computer-readable file format representing raw NGS sequencing data. Depending on the NGS 

technology, one or more files may be output by the NGS sequencer 110. In some embodiments, the 

FASTQ file format may be used with two different files for forward and reverse reads or as a single 

joined file. Other embodiments are also possible. The raw NGS sequencing data is further input to the 

20 genomic data analyzer 120.  

The genomic data analyzer 120 computer system (also "system" herein) 120 is programmed or 

otherwise configured to implement different genomic data analysis methods, such as receiving and/or 

combining sequencing data and/or annotating sequencing data.  

The genomic data analyzer 120 may be a computer system or part of a computer system including a 

25 central processing unit (CPU, "processor" or "computer processor" herein), memory such as RAM and 

storage units such as a hard disk, and communication interfaces to communicate with other computer 

systems through a communication network, for instance the internet or a local network. In some 

embodiments, the computer system may comprise one or more computer servers, which may enable 

distributed computing, such as cloud computing, for instance in a genomic data farm. In some 

30 embodiments, the genomic data analyzer 120 may be integrated into a massively parallel system. In 

some embodiments, the genomic data analyzer 120 may be directly integrated into a next generation 

sequencing system.  
6



As illustrated on FIG.1, the genomic data analyzer 120 may comprise an alignment module 121, 

which compares the raw NGS sequencing data to a reference genome. The alignment results (which 

may be represented as one or several files in BAM, SAM or other similar formats, as known to those 

skilled in the bioinformatics art) may be further analyzed in search for SNP and INDEL 

5 polymorphisms by means of a SNP/INDEL detection module 124. Alignment information may be 

further filtered and analyzed to retrieve coverage information (or coverage count). In an embodiment 

of the present disclosure, a coverage extraction module 122 may process the alignment data to extract 

coverage information in accordance with the targeted enrichment 100 and NGS sequencer 110 

technologies applied upstream in the overall genomic analysis workflow. A CNV detection module 

10 123 in accordance with the disclosure may then analyze the coverage information to identify and 

qualify copy-number variants (CNVs) in the original DNA samples. In some embodiments, the CNV 

detection module 123 may operate iteratively, by using CNV detection information from a former step 

in a next iteration. As can be seen in FIG.1, the same NGS experiment with a single target enrichment 

step 100 and a single sequencing step 110 can thus be used to analyze different SNP/INDELs and 

15 CNV genomic variants simultaneously, instead of running separate NGS/SNP-INDELS detection and 

MLPA/CNV detection experiments as in the prior art genomic data analysis workflows.  

CNV detection - overall scheme 

FIG.2 schematically shows a coverage information table out of the coverage, where the rows represent 

amplicons (or suitably defined regions, in the case of a probe-based technology) and columns 

20 represent samples. The symbols '*' in the table represent the coverage information (coverage count) 

for each amplicon/region in each sample. This coverage count is defined as a suitable function of the 

numbers of forward reads, reverse reads, and read pairs (in case of pair-ended sequencing) 

corresponding to a given amplicon or region in a given sample. The definition of "correspondence" to 

an amplicon may be based on the match between the beginning and/or the end of the read to the 

25 beginning and/or end of the amplicon, and the "correspondence" to a region may be based on the 

overlap of the read with the region. However other suitable definitions may also be used in different 

embodiments. Additional filters based on the read parameters (for example, read length or mapping 

quality) may also be used. In one of the embodiments, the coverage is defined as the sum of the 

number of forward reads and the number of reverse reads, while in another embodiment the coverage 

30 is defined as the number of read pairs. In yet other embodiments other functions may be used (for 

example, using only forward-read or only backward-read counts, or the maximal of the two counts).  

Furthermore, depending on the properties of the target-enrichment assay, different functions may be 
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used for different amplicons/regions. FIG.3 illustrates possible choices of the coverage definition in 

amplicon-based and in probe-based designs, as viewed in IGV software using aligned reads. FIG3a) 

shows the amplicon coverage as the number of read pairs aligned to the corresponding region. FIG3b) 

shows the region coverage as the total number of reads (both forward and reverse) overlapping with a 

5 suitably chosen target region.  

In the case where the CNV corresponds to a whole amplicon or region being duplicated, the NGS 

coverage corresponding to this region will be unusually high. Conversely, when the CNV corresponds 

to a whole amplicon or region being deleted, the NGS coverage corresponding to this region will be 

unusually low. It is therefore possible to detect CNVs by analyzing the coverage information 

10 distribution in the coverage information table across the amplicons/regions and across the samples.  

The coverage count a,s may be approximately factorized into sample/plex-dependent and 

amplicon/region-dependent contributions: 

(Eq. 1) La,s= RasFaPxs + a,s 

where: 

15 • a,s is the coverage count in the sample s for the amplicon (or region) a.  

• Fa is the amplification factor specific for the amplicon (or region) a.  

• Pss is the factor representing the amount of the DNA material processed for the sample s in 

the plex tube x (if applicable, for instance in the case of an amplicon-based technology with 

several plex tubes, where x specifies the plex for the amplicon a).  

20 • JIa,s is the coverage noise, which may be assumed to be small compared to the total coverage 

as. This overall coverage noise may result from various stages of the laboratory procedure 

(DNA extraction and targeted enrichment) and as well as from the sequencing technology 

itself In a preferred simple model, the coverage noise may be modeled as Ia,s = e0)a's Ia's+ 

2
)a,s V a,s , where the first term represents the intensive part of the noise (proportional to the 

25 coverage count) and the second term represents the Poisson noise arising from random 

fluctuations of a finite number of sequencing reads (this contribution is proportional to the 

square root of the coverage count).  

• Ra,s is the copy number value (the multiplicity of a given amplicon/region in a given sample) 

to be deduced by the proposed CNV detection method. In most cases (except for sex 

30 chromosomes and homologous regions), Ra,s = 2 is the normal CNV value, and deviations 

from this normal value may indicate the presence of a CNV (for example, Ra,s = 1 and Ra,s = 3 

may correspond to a heterozygous deletion and to a heterozygous duplication, respectively).  
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Note that in germline samples, all cells are expected to carry the original individual genome 

DNA, so the copy number is an integer.  

Since, even in the best laboratory conditions, different samples may have slightly different 

amplification factors Fa, CNV detection may be more reliable by comparing each sample to a selected 

5 group of "reference samples", chosen as the samples having the best correlations with the sample 

being tested, rather than comparing all samples together. In the case of several plexes, the reference 

samples may be different for different plexes.  

The method assumes that the number of samples in one batch is sufficiently large (in a possible 

embodiment, the number of samples is at least eight, but other choices are also possible) and that the 

10 CNVs are sufficiently rare, so that for any amplicon/region the majority of samples have the regular 

copy number.  

As represented on FIG.4, the proposed method thus comprises the steps of: 

• Normalizing the coverage information by sample s (and plex x if applicable), taking into 

account an estimate of the copy number values detected in the previous iteration (if any) (400).  

15 In the first iteration, the regular (usual) copy number value may be used as an assumption, for 

instance 2.  

• For each sample s (referred to as "current sample" below): 

o Selecting a set of reference samples as the samples with normalized coverage having 

the closest coverage pattern to the normalized coverage of the current sample s (401); 

20 o Normalizing by amplicon/region a using the normalized coverage of the current sample 

and the normalized coverage from its selection of reference samples (402); 

o For each amplicon/region a in the current sample, 

• Estimating the reference level and noise (410); 

• For each amplicon/region a, estimating the likelihood for each possible copy

25 number value (CNV state) (420); 

• Based on the estimated likelihoods of copy-number values, identifying the 

actual copy-number values (CNVs) and their confidence levels (421).  

• Iterating from step (400), by taking into account the CNVs already detected in the previous 

iteration, until the detected CNVs stabilize or reach a cycle, or a maximum number of 

30 iterations is reached (430); 

• Filtering the samples by the residual noise and by CNVs found. Optionally, if necessary, repeat 

the whole procedure from the beginning with some samples excluded (440).  

The individual steps will now be detailed as follows.  
9



Sample- and plex-wise normalization 

Due to the specifics of the target enrichment experimental process, the raw coverage information out 

of the NGS workflow is not normalized. For instance there may be a different amount of DNA in each 

sample/plex, resulting in different coverage information values in the raw results along the 

5 sample/plex axis.  

In a possible embodiment, in order to remove the sample/plex bias from the raw data set, the 

sample/plex-wise normalization step 400 may be taken as follows: the average over the sample/plex is 

determined as the mean of all the coverage counts a,s normalized to a single copy, using the copy

number values Ra,s calculated in the course of a previous iteration. The initial copy-number value for 

10 all amplicons of all samples/plexes may be set to the normal value (typically Ra,s =2, except in case of 

sex chromosomes and homologous regions). The coverage data may then be divided by the calculated 

mean, separately for each sample/plex, so that the resulting sample/plex-normalized coverage is of the 

order one: 

(Eq. 2) J(or"a s = Ia,s / mean(Ia,s /Ra ,s I all amplicons/regions a' in plex x) .  

15 In a possible embodiment, the regions with presumed homozygous deletions Ra,s=0 may be excluded 

from the mean calculation. In a possible embodiment, the mean is computed as the arithmetic mean.  

In another possible embodiment, the mean is computed as the geometric mean. Other embodiments 

are also possible. As will be apparent to those skilled in the art, different embodiments of the 

normalization method may also be used in different iterations of the CNV detection method.  

20 Automated selection of reference samples 

The proposed method allows the automatic selection of reference samples from the normalized 

coverage information out of the target NGS experiment data, without requiring the user input to 

provide or manually select dedicated control samples, as will now be described in more detail.  

In general, suitable reference samples may be automatically selected (step 401) by the CNV detection 

25 module 123 for each sample/plex as those having the closest coverage pattern to the current sample so.  

In a possible embodiment, the closest coverage pattern may be selected by calculating for every 

sample a distance from the current sample so, then sorting samples in order of increasing distance, and 

choosing a certain number of samples from the top of the list (having the smallest distances).  

As will be apparent to those skilled in the art of statistics, there are many possible ways to define and 

30 calculate the distance between samples. In a possible embodiment, we first use the sample/plex 

normalized counts I"orna,s to compute the sample/plex/amplicon/copy-number-normalized count as a 

vector Vas: 

10



(Eq. 3) Vas= ("'rnas / Ra,s) / median(P1"rn1a,s /Ra,s | all samples s').  

In a possible embodiment, the regions with presumed homozygous deletions Ra,s=0 may be excluded 

from the median calculation.  

In a possible embodiment, the distance between any sample s and the current sample so may be 

5 defined as the Euclidean distance between the vectors Va,s and Vaso. In a possible embodiment, the 

correlation between the vectors Va,s and Va,so may be computed.  

In the case of amplicon-based technology with several plex tubes, the distances are preferably 

calculated separately for each plex x, possibly leading to different sets of reference samples for 

different plexes. For example, in the case of two plexes (e.g., for CFTR MASTR Multiplicom targeted 

10 enrichment kit), there may be two reference sets for each sample: one for each plex.  

Other ways to define and calculate distance between samples are also possible. For example, one may 

use arithmetic or geometric mean in place of median or vise versa, or one may use other types of 

metric in place of Euclidean metric. The algorithm may also exclude certain regions or attribute 

different weights to different regions, depending on different criteria. In some embodiments, 

15 clustering algorithms may be used for assigning the distance. Other types of algorithms are also 

possible.  

After calculating the distances between each sample and the current sample so, the reference samples 

may be chosen as a certain number of samples with the smallest distances. As will be understood by 

those skilled in the art, the number of reference samples should be chosen carefully. This number shall 

20 be sufficiently large for good statistical relevance; in particular, at each amplicon position, the set of 

reference samples should have the majority of normal copy numbers (no mutations). On the other 

hand, this number shall be sufficiently small so that only similar samples from the run are compared 

and outliers are filtered out.  

In a possible embodiment, the number of reference samples NR may be selected as a function of the 

25 total number of samples N. In a possible embodiment, this function may be defined as: 

(Eq.4) NR=[aN+pVAT+y] 

with suitably chosen coefficients a, p, and y, and [..] denoting the integer part. In a possible 

embodiment, parameters a, p, and y may be chosen so that NR =[0.25*N]+2, to select approximately 

25% of samples as reference samples. Other choices of coefficients and, more generally, functions are 

30 also possible. In another embodiment, NR may depend not only on the total number of samples N, but 

also on other properties of the data, for example, on the level of fluctuations of the coverage count.  

Furthermore, in some embodiments, the number of reference samples may be different for different 

current samples so (or for different plexes), for example, if the reference samples are selected as those 
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at a distance below a certain cutoff distance from the current sample so. Other choices of algorithms 

for selecting reference samples based on the calculated distance are also possible.  

While generally it may be beneficial to keep the number of reference samples NR smaller than the total 

number of samples N, in order to exclude noisy samples from references, in a possible embodiment, 

5 the number of reference samples NR may be equal to the total number of samples N.  

In some embodiments, the choice of specific embodiments of calculating distances and/or of selecting 

reference samples may vary from iteration to iteration. For example, in a possible embodiment, in one 

of the iterations of the CNV detection (in one possible embodiment, specifically in the second 

iteration), the number of reference samples NR is taken to be equal to N: as a consequence, for this one 

10 iteration all the samples are used as reference samples. As will be apparent to those skilled in the art of 

bioinformatics, this flexible method may improve the detection performance in the case of frequent 

CNVs.  

Amplicon-wise normalization 

In addition to the plex/sample bias, there may also be coverage information divergences between 

15 different amplicons/regions, as the amplification efficiency tends to be region-dependent, thus also 

resulting into different coverage information values along the amplicons/region axis. Thus the plex

normalized data may be additionally normalized amplicon-wise in step 402 by the CNV detection 

module 123, for instance by dividing the coverage information by the median for each amplicon a, 

again using the coverage levels normalized to the assumed normal value of the copy number from the 

20 previous iteration (or the normal copy number in the first iteration). At this step, the normalization 

may be performed specifically within a reduced set of samples, including the reference samples as 

selected in step 401: 

(Eq. 5) ca,s = I''"n)a,s / median(Iorna,s /Ra,s' I reference samples s') 

In one embodiment, the current sample so may be included in the median calculation in addition to all 

25 reference samples. In another possible embodiment the current sample so may be excluded from the 

median calculation. In a possible embodiment, the regions with presumed homozygous deletions 

Ra,s=O may be excluded from the median calculation.  

Estimating reference level and noise for each amplicon or region 

At this stage of the proposed method, the following data have been computed for each sample s: 

30 (1) the set of reference samples (for every plex x, if applicable); 

(2) the sample/plex/amplicon normalized coverage levels cas.  

12



A further step 410 of estimating the reference coverage level and noise (uncertainty) may be further 

applied as follows.  

First, the coverage levels ca,s may be converted into normalized coverage levels per copy by using the 

assumed copy-number value Ra,s calculated in the previous iteration: 

5 (Eq. 6) c(0 a,s= cas / Ras 

In the very first iteration, the copy number may be assumed to be normal for all samples and for all 

amplicons/regions, for instance Ra,s =2.  

Second, the reference normalized coverage level Ca for each amplicon/region a may be estimated. In a 

possible embodiment, the normalized coverage level Ca may be assumed equal to one. In another 

10 possible embodiment, the coverage level Ca may be calculated as the mean of the normalized values 

c()a,s taken over the reference samples, with the outliers (values deviating from the mean more than a 

certain threshold, for instance three standard deviations) removed. Other choices of estimating the 

reference coverage levels are also possible, as will be understood by those skilled in the art of 

statistics.  

15 Third, the noise level for each amplicon/region may be estimated. The noise level may be defined as 

the expected relative (divided by the mean) root-mean-square uncertainty of the coverage. In a 

possible embodiment, the noise level as may be estimated as 

Eq. (7) Ga,s= max (Gs, Ga, 1/a,s), 

where: 

20 • us and a are the standard deviations of c(),s for the given sample and for the amplicon 

(within the set comprising the given sample and the reference samples).  

• 1/\Ia,s is the relative root-mean square deviation for the Poisson noise corresponding to the 

original coverage value as.  

By using the standard deviations across the samples and across the amplicons, Eq. 7 takes into 

25 account the possibility of both noisy samples and noisy amplicons. For calculating 7a, it may be 

beneficial to exclude outliers. In a possible embodiment, the data points outside the 37 interval may 

be excluded. As will be apparent to those skilled in the art of statistics, other ways to estimate the 

noise level Ga,s may also be used, in place of Eq. 7.  

In some embodiments, the step of estimating the reference normalized coverage level Ca for each 

30 amplicon/region a may be modified in one of the first iterations (for example, in one possible 

embodiment, specifically in the first iteration), in order to detect CNVs that span a large fraction of all 

the amplicons/regions. In such a case, a simple normalization by sample may not enable to estimate a 
13



correct reference level. This problem may be solved using an additional algorithm that determines the 

reference level either on the basis of a special set of "control" amplicons/regions (that are assumed to 

be CNV free in their majority) or on the basis of the best match of the normalized levels to integers.  

Calculating likelihoods for different copy numbers 

5 At this step, the normalized coverage levels and the noise levels for each amplicon/region a and for 

each sample s may be further converted into log-likelihoods La (defined as the minus logarithm of the 

likelihood of a particular coverage level, under the assumption of a given copy number and assuming 

a given noise level) (step 420). In a possible embodiment, the model of a Gaussian noise may be used 

for computing the log-likelihoods La: 

10 Eq. (8) La(r) = min ((ca,s/(r Ca) - 1)2/(2 aas 2), Lmax), 

where cas, Ca, and Ga,s are respectively the coverage, the reference normalized coverage level, and the 

noise level for the current sample s and amplicon/region a. The log-likelihoods La(r) may thus be 

calculated for all integer values of r ranging from 0 to a certain maximal value (in one embodiment, 

we have chosen the maximal value of r to equal 6, but other embodiments are also possible). In case r 

15 = 0, Eq. 8 may be replaced by La(0) = min((ca,s/Ca)2/(2 2 ), Lmax), where o is the assumed noise level 

for a full deletion (in one embodiment, we chose 7o=0.01, but other choices are also possible). The 

log-likelihood may be capped by a certain value Lmax in order to take into account that large 

fluctuations do not obey the normal distribution.  

In some embodiments, Lmax may depend on the amplicon/region a. In other embodiments, other noise 

20 models may be used, in place of Eq. 8.  

Finding CNVs and their confidence levels 

Using the log-likelihoods calculated in the previous step, the most likely CNV states may be found 

and their confidence levels may be calculated. In a possible embodiment, the Hidden-Markov-model 

(HMM) method may be used for this purpose (step 421). Examples of the use of HMM in CNV 

25 detection can be found for instance in S. Ivakhno et al., "CNAseg - a novel framework for 

identification of copy number changes in cancer from second generation sequencing data", 

Bioinformatics (2010) 26(24).3051-3058. Other embodiments are also possible, for instance a simple 

comparison of La(r) with a suitably chosen threshold, similarly to the MLPA recommended procedure, 

as known to those skilled in the art.  

30 In a possible embodiment, the HMM method may be realized by defining the HMM score as: 
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Eq. (9) SHMM ({ra )= (La(ra) +pnb(ra) +psw(ra,ra+ 1), 

where the HMM score SHMM ({ral) is a function of the set of the assumed copy numbers ra for every 

amplicon/region in the current sample, La(ra) are the log-likelihoods calculated at the previous step, 

and pnb(ra) and psw(ra,ra+1) are additional penalties associated with the non-normal copy number and 

5 with a transition different copy numbers between neighboring amplicons/regions (denoted as a and 

a+1). The parameters pnb(ra) and psw(ra,ra+1) may be chosen to provide a good performance and reflect 

the Bayesian prior expectations of having CNVs in the sample. In a possible embodiment, the 

functions pn(ra) and psw(ra,ra+1) may be chosen to be independent from the region/amplicon a, but in 

other embodiments they may themselves depend on the region/amplicon a. For example, in other 

10 possible embodiments, the functions pn(ra) and psw(ra,ra+1) may be functions of the length of the 

region, of the gaps between regions, of the possible overlaps between amplicons, or of the known 

collected statistics of CNVs in a given region. Other embodiments are also possible.  

Once the HMM score is defined by Eq. 9, the forward-backward algorithm may be used, as known to 

those skilled in the art, to find the set of CNV states {ra} which minimize the HMM score and the set 

15 of "confidence" values. The confidence value at a position a may be defined as the minimal possible 

increase of the HMM score with the state ra differing from its optimal value. The statistical meaning 

of this confidence is the negative logarithm of the probability of error in determining ra.  

In practice, two versions of confidence may be introduced: 

• "numerical" confidence for determining the exact number of copies; 

20 • "variant" confidence for classifying the state as normal/insertion/deletion without specifying 

the exact value for the copy number (in case of insertions or deletions). The "variant" 

confidence is thus always higher or equal than the "numerical" confidence.  

All parameters may be further optimized for better performance and/or the HMM model may be 

adapted in various ways as will be apparent to one skilled in the art. Other models for HMM may also 

25 be applied. For instance, it may be worth using different penalties for insertions and deletions and 

introduce a dependence of the switching penalty on the difference between the CNV states ra and ra+1, 

based on statistics for all sorts of possible CNVs.  

Main iteration 

As apparent from the steps described above, the noise and reference-value calculations depend on the 

30 presumed copy-number values (the so-called "prior estimate of the copy-number values"), with the 
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normal value, for instance 2, being the starting point. In order to determine the CNV states self

consistently, the algorithm may be iterated several times (step 430), using the result of the CNV 

detection at each iteration as the prior estimate of the copy-number values in the subsequent iteration.  

Practical experiments showed that, in case of high quality data, a few iterations are sufficient to 

5 efficiently detect the real CNV values. Sometimes (in case of noisy data), the iteration may enter a 

periodic cycle. In that case, the algorithm may be stopped as soon as a cycle pattern is detected.  

Some of the targeted enrichment technologies may include so called "control amplicons/regions": 

amplicons or regions outside the regions of interest, typically broadly distributed across the genome.  

Such control amplicons may be used to normalize the coverage information. In one embodiment, only 

10 the coverage information from control amplicons is used in the sample/plex normalization (step 400) 

in the first iteration specifically. This may allow more robust detection of possible large CNVs (e.g., 

deletions of the whole gene) as in such a case, at the first iteration the copy-number value Ra,s for the 

large CNV region will be set to the correct value and will preserve this value throughout subsequent 

iterations. Otherwise, the control amplicons may be used on the same footing as the test amplicons in 

15 the calculations of the noise and reference values, but they do not need to be included in the HMM 

part of the algorithm.  

Final filtering 

After the last iteration, the proposed method provides the resulting values of the CNV levels as well as 

their confidence level. In a possible embodiment, a minimal threshold may be set for the confidence 

20 value, below which the results for individual amplicons may be assumed to be "unreliable" and may 

be filtered out from the results (step 440). In other embodiments, certain samples may also be 

excluded as "unreliable" based on the residual sample noise o-s or on the residual noise in one of the 

plexes or on the unrealistically large number of CNVs detected. The precise conditions of the labeling 

the sample as "unreliable" may depend on the details of the target-enrichment and sequencing 

25 technologies.  

The CNV results for "unreliable" samples may be discarded from the final results in step 440. Finally, 

if too many samples (in one embodiment more than half of all the samples) are filtered out as 

"unreliable", the whole procedure may need to be repeated from the beginning, with the "unreliable" 

samples excluded. This option may provide better performance for runs where a large fraction of 

30 samples had technical problems at the initial target-enrichment or sequencing steps in the overall 

analysis workflow.  
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Optimization (improvements) 

In some embodiments, further improvements of the algorithm may be applied. One possible further 

embodiment may apply principal-component filtering, similar to M. Fromer et al., "Discovery and 

statistical genotyping of copy-number variation from whole-exome sequencing depth", Am. J. Hum.  

5 Genet. (2012) 91:597-607 . A principal-component filter may be applied to the original dataset, for 

instance before the main CNV detection algorithm steps 400 to 430, or on the preliminary normalized 

dataset, for instance after normalization by sample/plex (step 401) or after normalization by 

amplicon/region (step 402). In one embodiment, the filter is trained once on a specially chosen 

training dataset and subsequently used without further updates. In other embodiments, the filter may 

10 include learning from new datasets.  

In yet another embodiment, as represented on FIG.1, the outcome from a parallel SNP/INDELs 

detection module 124 may also be used as an input to the CNV detection module 123 to further 

strengthen the CNV detection. In this case, the information on the coverage fraction for heterozygous 

SNPs may be used to bias the decision on the CNV values. For example, a 33% SNP fraction may be 

15 a strong argument in favor of a duplication (copy number equal 3). In a possible embodiment, this bias 

may be introduced at the HMM step 421 by adding a suitably chosen contribution to pnb(ra) for a 

region, where one or several heterozygous SNPs are found.  

In a further possible embodiment, the proposed CNV detection method may be adapted to the case of 

homologous (identical or nearly identical) regions or pseudogenes. In this case, the normal copy

20 number value may be different from 2 (e.g., in the case of one pair of homologous regions, the normal 

copy-number value equals 4). The CNV detection algorithm may be generalized to apply to this case 

by adjusting the normal copy number assumed value (e.g. from 2 to 4) and by using the total number 

of reads in all the regions homologous to the considered one in the main CNV algorithm steps 400 to 

430. Additionally, the coverage differences between homologous regions may be used in a way similar 

25 to heterozygous SNPs in the former embodiment description to bias the parameters pnb(ra).  

Yet another situation where the normal copy number may differ from 2 is the case of sex 

chromosomes (X and Y chromosomes). In a possible embodiment, the normal copy number for 

regions in X and Y chromosomes is adjusted depending on the sex of the patient. In a further possible 

embodiment, the sex of the patient may be determined automatically by comparing the coverage 

30 information between X chromosome, Y chromosome, and autosomes, depending on their presence in 

the target amplification technology.  
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Experimental results 

The efficiency of the proposed method as depicted by the FIG.4 flowchart to detect CNV variants has 

been compared to the MLPA method on an experiment comprising 474 samples in 11 batches 

originating from one laboratory, with the BRCA TrusSeq technology and MiSeq next generation 

5 sequencing pipeline. One known feature of the BRCA TruSeq assay is that it has many short 

amplicons, but the coverage noise is relatively high, and it does not have control amplicons. A deletion 

of a whole gene (BRCA1 or BRCA2) may nevertheless be detected from comparing the coverage 

levels between the genes in accordance with the proposed iterative method.  

These samples contained 16 CNVs confirmed by MLPA. The same samples were analyzed 

10 independently using our CNV module. The results were then compared to the MLPA-confirmed 

variants. The detection sensitivity, measured as the percentage of the CNVs captured by the algorithm 

in comparison to the MLPA method, was measured at 100%, i.e. all 16 CNVs were successfully 

detected. Moreover, the percentage of samples with rejections or false positives recommended for re

testing for CNVs by either the same or an alternative method (the lower the better) was measured at 

15 4.2% while a maximum value of 10% may be acceptable in the case of the best laboratory practice.  

The proposed genomic data analysis method therefore enables to reach similar CNV detection 

sensitivity and accuracy as the state of the art MLPA method, while enabling the use of a single target 

NGS experiment pipeline, which brings significant practical advantages in research or clinical practice.  

Other embodiments and applications 

20 Although the detailed description above contains many specific details, these should not be construed 

as limiting the scope of the embodiments but as merely providing illustrations of some of several 

embodiments.  

While various embodiments have been described above, it should be understood that they have been 

presented by way of example and not limitation. It will be apparent to persons skilled in the relevant 

25 art(s) that various changes in form and detail can be made therein without departing from the spirit 

and scope. In fact, after reading the above description, it will be apparent to one skilled in the relevant 

art(s) how to implement alternative embodiments.  

In addition, it should be understood that any figures which highlight the functionality and advantages 

are presented for example purposes only. The disclosed methods are sufficiently flexible and 

30 configurable such that they may be utilized in ways other than that shown.  
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Although the term "at least one" may often be used in the specification, claims and drawings, the 

terms "a", "an", "the", "said", etc. also signify "at least one" or "the at least one" in the specification, 

claims and drawings.  

Finally, it is the applicant's intent that only claims that include the express language "means for" or 

5 "step for" be interpreted under 35 U.S.C. 112, paragraph 6. Claims that do not expressly include the 

phrase "means for" or "step for" are not to be interpreted under 35 U.S.C. 112, paragraph 6.  
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WHAT IS CLAIMED 

1. A method for detecting copy-number values (CNV) from a pool of DNA 

samples enriched with a target enrichment technology, each enriched DNA sample 

5 being associated with a library of pooled fragments from a set of amplicons/regions, 

each amplicon/region being sequenced with a high-throughput sequencer to generate 

coverage count for each sample and for each amplicon/region, comprising: 

- normalizing, with a data processing unit, the coverage count associated with each sample; 

10 - selecting, with a data processing unit, for each sample, a subset of reference 

samples as the samples with the closest normalized coverage count to the 

normalized coverage count of said sample, the number NR of reference samples in 

each subset of reference samples being a function of the total number N of 

samples and the number NR being smaller than the total number N of samples; 

15 - for each sample, estimating the copy-number values in said sample as a function 

of at least the coverage counts in said sample and of at least the coverage counts 

in the selected subset of reference samples for said sample.  

2. The method of claim 1, wherein the number NR of reference samples in 

20 each subset of reference samples is given by NR =[0.25*N]+2, where N is the total 

number of samples.  

3. The method of claims 1 or 2, wherein selecting a subset of reference 

samples comprises calculating a distance between the coverage counts normalized 

25 both within each sample/plex and within each amplicon/region and selecting a 

subset of samples with coverage counts having the shortest distances as the subset of 

reference samples.  

4. The method of claim 3, where the calculated distance is the Euclidean distance.  
30 
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5. The method of any of the preceding claims, further comprising: for each 

sample and for each amplicon/region, estimating the likelihood for each possible 

copy-number value.  

5 6. The method of claim 5, wherein a Hidden Markov Model is further used to 

estimate the copy-number values and their confidence levels for each 

amplicon/region.  

7. The method of claim 6, further comprising: excluding possible copy number 

10 values for which the confidence level is below a minimum threshold.  

8. The method of any of the preceding claims, wherein the estimate of the copy

number values is calculated using information on the SNP fractions and coverage.  

15 9. The method of any of the preceding claims, further comprising: applying a 

principal- component filter to the coverage count.  

10. The method of any of the preceding claims, wherein the coverage count 

associated with each sample is normalized using an estimate of the copy-number 

20 values Ra,s for each sample and each amplicon/region.  

11. The method of claim 10, wherein the estimate of the copy -number values Ra, is 

calculated iteratively, starting with a pre-defined prior estimate of the copy-number values and using 

the result of the detection method of claim 1 at each iteration as the prior estimate of the copy-number 

25 values in the subsequent iteration, until the estimate of the copy-number values converges, reaches a 

cycle, or the number of iterations reaches a pre-defined limit.  
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