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Abstract 

Arrays based on single nucleotide polymorphisms (SNPs) have been successful for the large scale 

discovery of copy number variants (CNVs). However, current CNV calling algorithms still have 

limitations in detecting CNVs with high specificity and sensitivity, especially in case of small (< 

100 kb) CNVs. Therefore, this study presents a simple statistical analysis to evaluate CNV calls 

from SNP arrays in order to improve the noise-robustness of existing CNV calling algorithms. The 

proposed approach estimates local noise of log R ratios and returns the probability that a certain 

observation is different from this log R ratio noise level. This probability can be triggered at 

different thresholds to tailor specificity and/or sensitivity in a flexible way. Moreover, a comparison 

based on qPCR experiments showed that the proposed noise-robust CNV calls outperformed 

original ones for multiple threshold values.  
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1. Introduction 

A decade ago, copy number variants (CNVs) have taken their part as a source of genetic variation 

as differences in copy number in about twelve percent of the human genome and thousands of genes 

lead to phenotypic diversity and variation (Beckmann et al., 2007; Conrad et al., 2010; Ionita-Laza 

et al., 2009; Menten et al., 2006). Since then, several discovery platforms and analysis tools have 

been developed to detect CNVs at a large scale. Comparisons of these platforms and especially the 

analysis tools, learn that each method has its advantages and disadvantages (Brady and Vermeesch, 

2012; Dellinger et al., 2010; Eckel-Passow et al., 2011; Karimpour-Fard et al., 2010; Macé et al., 

2016; Pinto et al., 2011; Seiser and Innocenti, 2015; Valsesia et al., 2013; Vermeesch et al., 2012; 

Winchester et al., 2009; Zhao et al., 2013). Moreover, several studies already stated the importance 

of high quality platform data and the comparison of different algorithms for calling CNVs from a 

certain platform to detect CNVs with high specificity and sensitivity (Eckel-Passow et al., 2011; 

Pinto et al., 2010; Vermeesch et al., 2007; Winchester et al., 2009; Zhao et al., 2013). 

Recently, small CNVs are increasingly acknowledged to contribute to disease, for example in 

autism spectrum disorders (Asadollahi et al., 2014; Dhami et al., 2005; Krumm et al., 2013; Pinto et 

al., 2010; Poultney et al., 2013). To date, single nucleotide polymorphism (SNP) arrays are still the 

most preferred platforms for detecting CNVs with genome wide coverage (Jiang et al., 2013; Pinto 

et al., 2011; Winchester et al., 2009). However, the detection of small CNVs is still limited in 

current CNV calling algorithms (Asadollahi et al., 2014; Seiser and Innocenti, 2015; Valsesia et al., 

2013) and the application of existing filtering methods such as pre CNV calling quality assessment 

of SNP array data (Eckel-Passow et al., 2011), SNP genotype based loss of heterozygosity 

confirmation (Baross et al., 2007) and median z-score outlier detection (Kirov et al., 2012; 

McCarthy et al., 2009), does not contribute to this end either. Consequently, a desired aim is to 

enhance specificity and sensitivity of CNV calls that result from existing CNV calling algorithms.  

SNP arrays provide two signal intensity based measures that can be used to identify CNVs: the log 

R ratio and the B allele frequency (BAF). The first measure compares the normalized intensity 

signal of both SNP alleles, also called the R value, between sample and reference by taking the 

second base logarithm of the ratio of the observed and the expected normalized intensity. Log R 

ratio values of 1 correspond to a normal copy number, values of -1 and 0.58 correspond to deletions 

and duplications, respectively. The second measure compares the intensity signal of the different 

SNP alleles by expressing the intensity of the B allele in function of the intensity of both A and B 

alleles. Normal copy number regions can present with BAFs of 0, 0.5 and 1, corresponding to 

genotypes AA, AB and BB. Deletions and duplications will result in the loss of the BAF value 0.5 

and the introduction of extra BAF values, respectively (Alkan et al., 2011). Algorithms calling 
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CNVs from SNP arrays usually take both measures into account (Eckel-Passow et al., 2011; Pinto 

et al., 2011; Seiser and Innocenti, 2015; Winchester et al., 2009). Since the resulting CNV calls can 

still benefit from optimization, we present a simple statistical analysis to in silico evaluate CNV 

calls from SNP arrays based on local noise estimation of log R ratios. We assess the performance of 

our methodology by comparing the noise-robust and original CNV calls with qPCR outcomes as a 

gold standard for 132 individuals. Further, the proposed noise-robust estimation will be illustrated 

using some real data applications. 

 

2. Material & Methods 

2.1. Array data 

In this study, 646 individuals from 159 families were genotyped by means of the Illumina Omni 

2.5-8v1 SNP array according to the manufacturers’ instructions. The GenomeStudio genotyping 

console (Illumina inc.) was used to convert raw intensities into genotype calls, log R ratio values 

and BAF values. This information was then imported in CNV-WebStore (Vandeweyer et al., 2011) 

to call CNVs based on a majority vote of 3 CNV calling algorithms: PennCNV, QuantiSNP and 

VanillaICE. Individuals were removed from further analysis in case of a genotype call rate below 

0.994, a log R ratio standard deviation above 0.2 or a waviness factor higher than 0.02, as such 

samples are considered to have low quality (Vandeweyer et al., 2011). The final dataset contained 

644 individuals. 

In order to assess the performance of the proposed in silico approach, 42 CNVs in 132 individuals 

were selected for qPCR validation, because they were very small or occurred apparently de novo in 

multiple individuals (31 apparently de novo CNVs). 

2.2. qPCR experiments 

CNV validation occurred through quantitative real time PCR (qPCR) using SYBR Green chemistry. 

For each (set of overlapping) CNV, a PCR primer pair was designed based on the reference 

sequence (GRCh37/hg19 coordinates) in the UCSC Genome browser. Primer pairs of 

approximately 20 bases, a melting temperature around 60°C and an amplicon size between 60 and 

150 bp were designed using the Primer3 webtool (http://primer3.ut.ee/). From the output of Primer 

3, primers with no or low self and hetero dimerization were chosen preferentially. Further, the 

UCSC In-Silico PCR tool (https://genome.ucsc.edu/cgi-bin/hgPcr) and the SNPcheck3 tool 

(https://secure.ngrl.org.uk/SNPCheck/snpcheck.htm) were used to check the specificity of the 

primers and the presence of SNPs. The amplification efficiency of each designed primer pair was 
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also evaluated through standard curves of the amplification of a series of diluted genomic DNA 

samples of a control individual. Each qPCR reaction took place in a total volume of 15 µl consisting 

of 5 µl DNA (10 ng/µl), 2.5 µl of a forward and reverse primer mix (2.5 µM) and 7.5 µl SYBR 

Green master mix (2x). All reactions were performed in duplicate in a white LightCycler® 480 

Multiwell Plate 96 plate (Roche) and run on the LightCycler® 480 Instrument (Roche) with an 

activation step of 10 min at 95°C, 40 amplification cycles of 10 s at 95°C and 30 s at 60°C, a 

melting step of 10 s at 95°C, 1 min at 65°C and a slow increase (0.11°C/s) to 95°C followed by a 

cool down to 40°C held for 15 s. Absolute threshold cycle values (Ct) were calculated with the 

LightCycler® 480 Software (Roche) using the Second Derivative Maximum method and converted 

to relative copy numbers through the 2−∆∆Ct method. Therefore, all experiments included three 

control samples for each tested region and a p53 amplification for each test and control sample. 

Relative copy numbers around 0.5, 1 and 1.5 were interpreted as deletions, normal copy number 

and duplications, respectively. 

2.3. Statistical analysis 

All statistical analyses were performed in R (version 3.1.1). A receiver operating characteristic 

(ROC) analysis was done using the pROC package (Robin et al., 2011). Differences in the number 

of correctly detected CNVs, as compared to the qPCR results, between noise-robust and original 

CNV calls were compared using a one-sided Fischer’s exact test. Differences with a p-value below 

0.05 were considered significant. 

R functions for calculating beliefs and plotting noise distributions as described in this paper are 

appended as a R script. This script describes the necessary input variables and their formats as well. 

Note that the functions take log R ratios for one chromosome only at the time, as the required 

dataset might be quite large when working with lots of individuals and SNPs. The beliefs can be 

calculated using the mean as well as the median as a measure representing the log R ratios in the 

studied region. Further, the number of cycles to estimate the noise distribution can be set by the 

user. The function for calculating the belief can also return IP and λ values which can be used for 

plotting noise distributions. 
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3. Results 

3.1. Method description 

The proposed approach evaluates CNV calls based on the SNP intensities and their relation to the 

overall SNP intensities within the CNV region. Therefore, the intensities of SNPs underlying a 

certain CNV call in an individual are compared with intensities of other individuals that were 

genotyped on the same platform. The three steps of the process are illustrated in Figure 1. In the 

first step, the SNP intensities in the studied region are converted into a single measure by taking the 

median of the log R. The distribution of this measure over all individuals gives an idea of the 

variation on the SNP intensities within this region. A part of this variation is random variation or 

noise for which a distribution is modelled in the second step. This noise distribution, also called the 

inlier distribution (IP), is determined starting from the assumption that all seen variation is caused 

by random white noise, which will be reevaluated further by reweighting measurements iteratively. 

The latter is based on the probability that a certain measurement belongs to the noise distribution 

compared to another so called outlier distribution (λ). The measurements are reweighted using the 

following scheme (Claes et al., 2012):  

𝜎 =  √
∑ 𝑊𝑖 ∙  (𝑥𝑖 −  0)2

𝑖

∑ 𝑊𝑖𝑖
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1

√2𝜋 ∙ 𝜎
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1
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∙ 𝑒−
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with σ the standard deviation of the distribution; Wi the weight of a certain measurement also called 

inlier belief; xi the measurement for which the noise will be modelled; IPi the noise or inlier 

distribution; λ the outlier distribution and κ a prior outlier parameter. These parameters will be 

discussed in more detail in the parameter description section. 

Measurements that deviate from the noise distribution will get a lower weight in a subsequent 

calculation of the noise distribution. Multiple iterations of this reweighting process will lead to a 

stable distribution describing the noise in the SNP intensities. The complement of the weight or 

inlier belief after these iterations, also called outlier belief, represents the probability that the 

observed value is truly an outlier compared to random noise and is calculated in the third step. At a 

threshold of 0.5 the observed CNV is more likely to be true than to be caused by random noise in 

SNP intensities. 
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Figure 1 Principle statistical approach for generating robust CNV calls based on local noise estimation of log R values. 

Step 1: The SNP log R ratios in the region of interest are converted into a single measure by taking the median. The 

distribution of this measure over all individuals gives an idea of the variation in log R ratios for this particular region. 

The observation for an individual sample is plotted as a cross on the x-axis. Step 2: The noise distribution is determined 

by reevaluating a distribution ten times starting from the assumption that all seen variation is caused by random noise. 

This leads to a stable distribution that describes the random variation present in the dataset. Distributions for deletions 

and duplications are calculated separately and plotted as dashed and dotted lines, respectively. Step 3: Calculation of the 

probability that the observed value does not belong to the random noise distribution. At a threshold of 0.5 the observed 

CNV is more likely to be true than to be caused by random noise in SNP intensities. The parts of the distributions that 

reach this threshold are shaded. 
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As the log R ratio of a deletion varies in theory around -1 and that of a duplication around 0.58, the 

noise distribution of deletions and duplications are assumed to be asymmetric. This is also 

suggested by the distribution plotted in Figure 1 (upper panel), for which the lower tail seems to be 

a bit heavier than the upper tail.  If both types of variants are used to model the noise distribution, 

this asymmetric distance to zero might favour the detection of deletions compared to duplications. 

Therefore, noise distributions for deletions and duplications will be calculated separately be only 

taking into account the measurements with the same sign as the studied variant (“-” for deletions 

and “+” for duplications). As a result, the overall noise distribution can be asymmetric with respect 

to zero. 

3.2. Parameter description 

The goal of the proposed CNV call assessment is to model the noise present in SNP intensities that 

are used to make CNV calls. So the measurements xi should represent the underlying SNP 

intensities. However, it is better to look at multiple SNP intensities at once as a single SNP signal 

can be unreliable due to several reasons. Similarly, CNV calling algorithms only report a copy 

number variant if it is supported by at least three consecutive SNPs and downstream analyses often 

select for at least five or ten consecutive SNPs depending on the array density. Therefore, the 

intensities of all SNPs underlying the studied CNV are combined in one measurement. The median 

of the SNP intensities was used to have an initial noise-robust measurement. 

The noise on the measurements is modelled as white noise, described as the Gaussian probability 

density function with zero mean (IPi in Equation 1) (Marmarelis, 2004). The standard deviation 

depends on the weights of the measurements and is determined iteratively. In the first iteration, all 

measurements are assumed to have equal weight in the noise distribution (𝑊𝑖 = 1). In following 

iterations, the probability that a certain measurement belongs to the noise distribution compared to 

another outlier distribution is evaluated and the corresponding weight is adjusted accordingly. This 

iterative process rapidly results in a stable estimated noise distribution. In this study, a fixed number 

of 10 iterations was chosen to model the noise distribution. 

The used outlier distribution is a uniform distribution dependent on the inlier (noise) distribution 

and the prior outlier parameter κ (Claes et al., 2012). The latter links the definition of an atypical 

measurement or outlier to a significance level. If κ is equal to 2, values larger than 2 times the 

standard deviation will be considered an outlier which corresponds to a significance level of 0.05. 

Similarly, a value of 3 for the κ parameter correspond to a significance level of 0.001. For the 

purpose of validating CNV calls in silico, κ was set equal to 2. 
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The proposed approach returns a single value, the outer belief, that can be used to analyse CNV 

calls in silico. This is a value between 0 and 1 that stands for the probability that a certain 

observation, such as a CNV call from a SNP array, results from a true observation instead of noise. 

A signal above 0.5 states a certain CNV call is more likely to be an actual signal as an outlier to 

local noise levels. 

3.3. Performance assessment 

The proposed in silico approach was applied to a dataset of 644 individuals, genotyped with an 

Omni 2.5-8v1 SNP array, for which CNV calls were generated by CNV-WebStore (Vandeweyer et 

al., 2011). These CNV calls obtained from CNV-WebStore, referred to as original CNV calls, were 

subjected to the noise-robust CNV call assessment described in section 3.1. The original CNV calls 

that have a belief above a certain threshold as defined in each of the following experiments, are 

referred to as noise-robust CNV calls.  

In order to assess the performance of the proposed in silico approach on family data we compared 

original and noise-robust CNV calls with qPCR results as a gold standard test (Table 1). Therefore, 

qPCR results were generated for 42 original CNV calls in 132 individuals (children, parents and 

siblings if available). Of these 42 original CNV calls 11 were apparently inherited while 31 were 

apparently de novo. By means of qPCR, all 11 apparently inherited CNV calls were confirmed, 

however, only 5 of the apparently de novo CNVs appeared to be true de novo CNVs. The others 

appeared to be either false positive calls (19 original apparently de novo CNV calls) or where in fact 

inherited (7 original apparently de novo CNV calls). In addition, qPCR revealed 2 inherited CNVs 

in siblings that were missing in the original CNV calls. In summary, the final gold standard test 

result for 42 original CNV calls revealed 5 de novo CNVs, 18 inherited CNVs, 19 false positive 

calls and 2 additional CNVs in siblings. False positive calls were only detected for de novo CNVs, 

which is a significant difference in case of analysing only 11 inherited CNVs (one-sided Fisher’s 

exact test, 0/11 versus 19/31, p-value = 0.01024). 

After noise-robust evaluation of the original calls (belief threshold of 0.5), 2 apparently de novo 

calls had correctly been assessed as inherited CNVs. The method had also correctly identified 12 

out of 19 false positive calls. Furthermore, the 2 additional CNVs in the siblings had also been 

detected after noise-robust CNV call assessment. Taken together, the proposed method corrected 16 

out of 28 incorrect original calls or incorrect segregation results. For the remaining 12 the method 

either did not change the incorrect original result (i.e. 8 apparently de novo CNVs that were in fact 

inherited or false positive calls) or altered the results into other incorrect results (i.e. 3 apparently 

inherited CNVs that were in fact false positive calls and one apparently false positive call that was 
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in fact an inherited CNV). Interestingly, 8 of these loci that could not be corrected were situated 

within segmental duplications, where the performance of SNP arrays and qPCR is low in general 

(Pinto et al., 2011; Valsesia et al., 2013). 

Table 1: qPCR results of 42 selected CNVs and comparison of these results as a gold standard with the original CNV 

calls obtained from CNV-WebStore and the noise-robust CNV calls that were obtained after applying the proposed 

method to these original calls (belief threshold of 0.5) 

Original CNV calls 
qPCR result  

(gold standard test) 
Noise-robust CNV calls 

11 inherited CNVs 11 inherited CNVs 11 inherited CNVs 

31 de novo CNVs  

5 de novo CNVs 5 de novo CNVs 

7 inherited CNVs 

2 inherited CNVs 

4 de novo CNVs 

1 false positive call 

19 false positive calls 

12 false positive calls 

4 de novo CNVs 

3 inherited CNVs 

Not detected 2 CNVs in siblings 2 CNVs in siblings 

Furthermore, a ROC analysis was performed on all 132 individuals to investigate the sensitivity and 

specificity of CNV calling using the proposed post-analysis with noise estimation. The results are 

shown in Figure 2a, illustrating the general benefits of the approach. The best combination of 

specificity and sensitivity is acquired with a belief threshold of 0.28703 (arrow 1 in Figure 2a). 

With this threshold, 106 out of 132 CNVs are detected correctly compared to only 97 without noise-

robust evaluation. However, another interesting threshold is 0.53756 (arrow 2 in Figure 2a), as this 

threshold results in the same amount of correctly detected CNVs but detects them with a higher 

specificity. When using a belief threshold of 0.99057 (arrow 3 in Figure 2a), the maximum number 

of CNVs is assessed correctly as compared to the qPCR results (110 out of 132). A statistical 

comparison of the number of correctly assessed CNVs between the original and noise-robust CNV 

calls at different thresholds shows that only the improvement after using a threshold of 0.99057 is 

significant (p-value = 0.036). Table 2 provides these details for each local maximum of the ROC 

curve. The distribution of the belief values calculated for all 132 individuals is also plotted in Figure 

2b. For the used dataset, belief values tend towards either a value of 0.16023 or 0.97822. 
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Figure 2 Performance of the proposed noise-robust CNV call assessment a) ROC curve showing the sensitivity and the 

specificity of original and noise-robust CNV calls. The performance of the original calls is presented as an asterisk. The 

performance of the noise-robust CNV calls is represented by a curve as the use of different thresholds can lead to 

different results and can change the performance. Arrows 1, 2 and 3 indicate the local maxima corresponding to belief 

thresholds of 0.287025, 0.537555 and 0.99057, respectively. The area under the curve equals 0.9003. b) Distribution of 

the belief values calculated for all 132 individuals included in the ROC analysis, displaying local maxima for values of 

0.16023 and 0.97822. 

Table 2: Characteristics of each local maximum in the ROC curve 

Belief threshold Specificity Sensitivity # correct (out of 132) p-value 

0.99057 1.00000 0.56863 110 0.03603701 

0.97698 0.96296 0.58824 108 0.06958343 

0.90258 0.92593 0.62745 107 0.09298865 

0.75325 0.88889 0.66667 107 0.09298865 

0.60797 0.83951 0.68627 107 0.09298865 

0.53756 0.82716 0.76471 106 0.12131851 

0.32715 0.79012 0.84314 106 0.12131851 

0.28703 0.77778 0.86275 106 0.12131851 

0.24249 0.75309 0.88235 103 0.23644548 

0.20207 0.70370 0.90196 103 0.23644548 

0.19746 0.67901 0.92157 102 0.28395029 

0.19348 0.66667 0.94118 102 0.28395029 

0.16883 0.53086 0.96078 92 0.79350621 

0.16595 0.50617 0.98039 91 0.82930987 

0.14955 0.39506 1.00000 83 0.97642867 
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Finally, the log R ratio and BAF profiles of the CNV calls that turned out to be false positive based 

on the qPCR experiments, were inspected in more detail. The log R ratios of the probes in the 

according regions often lie either above or below zero for all probes in the region, suggesting a 

deviation from the normal signal. However, almost all BAF signals of the probes in the inspected 

regions are equal to 0 or to 1, meaning the BAF signals cannot provide further information to 

determine if the deviation in the log R ratio is truly a signal. This is illustrated in Figure 3 for a 

putative 18 kb duplication on 8p21.2 covered by 15 probes that was falsely called in a child but not 

in his mother with a similar log R ratio pattern. The BAF profile of the child displays probes with a 

value of either 0 or 1 (Figure 3b), where the BAF profile of the mother contains two probes with a 

BAF around 0.5 indicating a normal signal (Figure 3d). The beliefs for the child and the mother are 

0.19711 and 0.16557, respectively. 

 

Figure 3 Log R and BAF profiles for a putative 18 kb duplication on 8p21.2 covered by 15 probes that was falsely 

called in a child but not in his mother. a) Log R profile in the child displaying values above zero for all probes, b) BAF 

profile in the child with values of 0 and 1 for all probes, c) log R profile in the mother displaying values above zero for 

all probes and d) BAF profile in the mother displaying two probes with a BAF around 0.5, indicating a normal signal. 
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4. Applications 

4.1. Application 1: in silico validation of CNV calls 

In a first application, we illustrate the detection of false positive CNVs. Figure 4a shows the case of 

a putative 21 kb duplication on 8p11.22 covered by 11 probes. This particular duplication occurred 

multiple times in the described dataset, but was falsified through qPCR (Figure 4b). The sample 

distribution already shows that the underlying SNP intensities are deviating from zero for most of 

the individual samples. In other words, this region contains a lot of noise and can be characterized 

by a broad noise distribution. Moreover, all seen variation in SNP intensities above zero can be 

explained by random variation. Hence, there might be any duplication in this region in the dataset. 

Another case of a 12 probe region on 22q13.2 shows three potential duplications of 16 kb that were 

validated by the proposed assessment approach (Figure 4c) as well as qPCR (Figure 4d). Deletion 

and duplication calls are clearly distributed differently in this region. This example illustrates the 

necessity of calculating the noise distributions for deletions and duplications separately. 

4.2. Application 2: inheritance determination independent of CNV calls in parents 

In a second application, comparing the position of parents and children in the distribution can reveal 

false negative calls in parents resulting in apparently de novo CNVs. Figure 4e shows the case of an 

apparently de novo duplication of 16 kb on 3q24 covered by 10 probes. The median log R ratio 

within the father’s sample reveals the presence of the duplication, which was confirmed by qPCR 

(Figure 4f). However, the CNV calling algorithms did not report this variant in the father resulting 

in the incorrect conclusion of a de novo duplication in the child. Similarly, this can be used to check 

segregation in siblings (data not shown). 

 
Figure legend on next page 
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Figure 4 Three examples of the proposed statistical analysis with the accompanying qPCR experiments. a) Application 

of the proposed statistical analysis in three individuals for a 21 kb duplication on 8p11.22 covered by 11 probes and b) 

the results from the accompanying qPCR experiments. c) Application of the proposed statistical analysis in three 

individuals for a 16 kb duplication on 22q13.2 covered by 12 probes and d) the results from the accompanying qPCR 

experiments. e) Application of the proposed statistical analysis in a child and its parents for a 16 kb duplication on 3q24 

covered by 10 probes and f) the results from the accompanying qPCR experiments. 

4.3. Application 3: detection and recovery of fragmented CNVs 

In a third application, the noise-robust evaluation of CNV calls can also be used to detect and 

recover fragmented CNVs, which are multiple smaller variants that represent a single CNV (Pinto 

et al., 2011). Figure 5 shows a putative 732 kb duplication on 17q21.2 represented by two 

duplication calls in the original CNV calls. Both duplications are large and they are separated by a 8 

kb gap covered by 12 probes, indicated by vertical lines in Figure 5a and 5b. In general, the region 

in between seems to have a similar profile as the two flanking regions. Indeed, the BAF is not 

informative in this region and the log R ratio of some of these probes fluctuates around zero (Figure 

5c). However, the observed median log R ratio deviates clearly from those in other individuals 

(Figure 5d). Noise-robust CNV calls obtained through the described approach can thus be used to 

evaluate if flanking calls are potentially CNVs that are fragmented as an artefact of the assay.  

 
Figure 5 Example of a CNV fragmented in two calls with an intermediate region of high belief that was missed by the 

used CNV calling algorithms. a) Log R ratios for the region of interest with the intermediate region defined by vertical 

lines, b) B-allele frequencies for the region of interest with the intermediate region defined by vertical lines, c) zoom on 

log R ratios for the intermediate region and d) in silico analysis of this region. 
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5. Discussion & Conclusion 

In this study a simple statistical analysis to evaluate SNP based CNV calls through local noise 

estimation of log R ratios is presented. The proposed approach results in a continuous value, 

ranging between 0 and 1, reflecting the probability that a certain observation is truly a CNV 

compared to other observations made on the same platform. By setting a threshold for this value, 

CNV calls resulting from existing CNV calling algorithms can be filtered to improve specificity and 

sensitivity. This method was applied on CNV calls generated by CNV-WebStore (Vandeweyer et 

al., 2011) and compared to results of qPCR experiments.  

By the use of different thresholds the dataset can be explored at different specificity and sensitivity 

levels. Although the optimal combination of specificity and sensitivity is reached at a belief 

threshold of 0.28703 in our dataset, this threshold can be altered depending on the specific goal of 

the noise-robust CNV call assessment. For in silico validation approaches, a threshold resulting in a 

higher specificity may be preferred while inheritance determination and segregation analysis require 

a higher sensitivity. Nevertheless, the theoretical belief threshold of 0.5, for which the observed 

CNV is more likely to be true than to be caused by random noise in SNP intensities, seems an 

advisable threshold to start from in real dataset analyses. The calculated beliefs also tend to divide 

between values below and above 0.5. However, this might depend on the platforms used for 

genotyping and CNV calling, and should be inspected before setting a threshold. As false-positive 

calls seem to occur more often in case of de novo CNVs as compared to inherited CNVs, it might 

also be useful to inspect the evaluation of the de novo rate of the used dataset when applying 

different thresholds. 

The proposed method can be applied locally to investigate deletions and duplications of any size, 

which makes it more generally applicable then methods for pre CNV calling quality assessment of 

SNP array data (Eckel-Passow et al., 2011) and SNP genotype based loss of heterozygosity 

confirmation (Baross et al., 2007). Note that pre CNV calling quality assessment was applied on the 

SNP arrays used in this study and that two individuals were excluded accordingly (see Material & 

Methods). Therefore, local probe specific noise can cause poor CNV calling performance even if 

SNP arrays present with global high quality. On the contrary, SNP genotype based loss of 

heterozygosity confirmation was not applied on the CNV calls used in this study. Besides the fact 

that this method is less applicable for duplications, it also has its limitations to validate small 

deletions. Although a heterozygous genotype call rate of ten percent is a reasonable threshold for 

large deletions (Baross et al., 2007), it becomes less justifiable in case of small deletions as this 

would implicate that one deviating probe could classify a 10 probe deletion as false positive. The 

median z-score outlier detection method can also investigate deletions and duplications of different 
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sizes locally (Kirov et al., 2012; McCarthy et al., 2009), but the continuous value resulting from the 

proposed noise-robust method is more easily to interpret as it expresses the credibility of a variant. 

Moreover, by calculating the noise distributions separately for log R ratios below and above zero, it 

is possible to take into account the asymmetry of the log R ratios around zero. 

The suggested noise-robust assessment of SNP array based CNV calls can benefit from further 

optimization, since it cannot distinguish between homozygous and heterozygous deletions or 

between duplications and multiplications. As BAF profiles seem often not informative in the 

regions where calls are made incorrectly, it might be interesting to see if additional belief thresholds 

for extreme values can be identified. Another weakness of this study is the use of qPCR as reference 

method, because qPCR is also not free of errors, especially in case of segmental duplications and 

complex structural rearrangements (Fernandez-Jimenez et al., 2011; Qi et al., 2016). However, this 

noise estimation procedure can also be extended to other CNV calling platforms such as sequencing 

based approaches. 
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