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A R T I C L E  I N F O L E T T E R  TO  T H E  E D I TO R

Decades before the availability of next generation se-
quencing (NGS) technology, definition of copy num-
ber variations (CNVs) in human genetics were mainly 
rare changes in the quantity and structure of chro-
mosomes. These included aneuploidies and rear-
rangements (1, 2, 3). Subsequently, with the advent 
of molecular technology, smaller and more abundant 
alterations were observed, including, various repeti-
tive elements that involve short DNA sequences (mi-
cro and mini-satellites), insertions, deletions and du-
plications (4).

Targeted next-generation sequencing (NGS) is an es-
tablished, but not the only, method for the detection 
of germline variants in cancer predisposition genes. 
While variants involving a few nucleotides, i.e., sin-
gle-nucleotide variants (SNVs) and short insertion/
deletion events (indels), can be detected accurately, 
the identification of larger genomic rearrangements 
(copy number variations (CNVs)) remains a challenge.
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At present time, CNVs is considered a segment 
of DNA that is present at a variable copy num-
ber in comparison with a reference genome. 
They can derive from duplications, deletions, 
insertions and even translocations, and can vary 
in length, may be short or include thousands 
of bases (5, 6, 7, 8); for this research, it could 
be more adequate an average size of ~100 bp 
MLPA resolution level, as a parameter for defin-
ing CNV length. Several in silico tools have been 
developed to predict CNVs using targeted NGS 
data. However, several studies suggested that 
existing tools for CNV detection using targeted 
NGS data show limited accuracy and robustness 
(9, 10, 11, 12).

We investigated the performances of in silico CNV 
commercial prediction tool Celemics CNV Analysis 
Algorithm® in 13 cancer predisposition genes: APC 
(NM_000038.6), ATM (NM_000051.4), BRCA1 
(NM_007294.4), BRCA2 (NM_000059.4), CDH1 
(NM_004360.5), CHEK2 (NM_007194.4), EPCAM 
(NM_002354.3), MLH1 (NM_000249.4), MSH2 
(NM_002878.4), MSH6 (NM_000179.3), MUTYH 
(NM_001048174.2), PALB2 (NM_024675.4), and 
STK11 (NM_000546.5), evaluated in 80 patients 
with hereditary cancer syndrome, for those of 
who had the results by multiplex ligation-depen-
dent probe amplification (MLPA) as the assay for 
the variation in copy number.

In this analysis, the algorithm predicted 8 CNVs, 
of which 1 (12.5%) it was a real CNV (exons 1 to 
7 in MSH2 gene). The remaining 7 (87.5%) were 
false positive (were not detected by MLPA). 
False positive predictions affected target genes: 
APC (figure 1), BRCA1, BRCA2, CDH1, MSH2 and 
PALB2 without a clear predisposition for a gene 
o region. 

The overall real CNV prevalence was 6.25% 
(5/80) (MSH2 (n=3), APC (n=1) and EPCAM 
(n=1). Of these, 4 true positive CNVs were none 
predicted by CNV analysis algorithm. 

As other in silico CNV prediction tools, the 
Celemics CNV algorithm uses read depth-based 
approaches. CNV is based on the hypothesis 
that a CNV determines the relative read depth 
per target region. Thus, low or high fluctuating 
read depths of a target region will likely affect  
accurate CNV prediction. 

In this scenario, the probability of CNV analysis 
algorithm prediction representing a true posi-
tive CNV, its positive predictive value (PPV), was 
12.5% (1/8). Although the series analysed is 
small, this value represents an important limi-
tation to use the bioinformatics’ estimation of 
CNV as the only analysis tool. 

Comparing our data with those by Lepkes et al  
(N= 4208), we found that, the PPV values can 
vary greatly on the basis of different calcula-
tion algorithms. In their analysis, Lepkes et al. 
compared four bioinformatics calculation algo-
rithms (the commercial tool incorporated in the 
CE-IVD-marked Sophia Genetics DDM pipeline®, 
and three publicly available tools, ExomeDepth, 
GATK gCNV and panelcn.MOPS) and estab-
lished that the PPV values of these bioinformat-
ics tools can vary between 7% to 68%, showing 
that there may be a great difference between 
the values of CNVs predicted by algorithms and 
their real existence (13).

The most relevant hypothesis at present ex-
plaining the great differences found between 
predicted and real CNVs strongly suggest that 
target region sequencing coverage along with 
target region characteristics, such as GC content, 
length, low sequencing coverage, determined 
the accumulation of false positive CNV predic-
tions (13, 14, 15).

Future directions are strongly orientated to 
improve the use of CNVs NGS-derived informa-
tion. However, verification of in silico predicted 
CNVs is required due to its high frequencies of 
false positive predictions.
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Figure 2 Graphic representations of  the calculation of  a deletion (in silico)  
and MLPA analysis (in vitro) for exon 8 in APC gene*

* A) Graphic representation of the calculation of a deletion (in silico predicted CNV, red circle) in exon 8 of the APC 
gene. B) Graphic representation of the exon analysis of the APC gene by MLPA (in vitro) showing the absence of a 
deletion in exon 8 (green circle).
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