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Abstract  10 

Background: The majority of copy number callers requires high read coverage data that is 11 

often achieved with elevated material input, which increases the heterogeneity of tissue 12 

samples. However, to gain insights into smaller areas within a tissue sample, e.g a 13 

cancerous area in a heterogeneous tissue sample, less material is used for sequencing, 14 

which results in lower read coverage. Therefore, more focus needs to be put on copy 15 

number calling that is sensitive enough for low coverage data.  16 

Results: We present MetaCNV, a copy number caller that infers reliable copy numbers for 17 

human genomes with a consensus approach. MetaCNV specializes in low coverage data, 18 

but also performs well on normal and high coverage data. MetaCNV integrates the results of 19 

multiple copy number callers and infers absolute and unbiased copy numbers for the entire 20 

genome. MetaCNV is based on a meta-model that bypasses the weaknesses of current 21 

calling models while combining the strengths of existing approaches. Here we apply 22 

MetaCNV based on ReadDepth, SVDetect, and CNVnator to real and simulated datasets in 23 

order to demonstrate how the approach improves copy number calling.  24 

Conclusions: MetaCNV, available at https://bitbucket.org/sonnhammergroup/metacnv, 25 

provides accurate copy number prediction on low coverage data and performs well on high 26 

coverage data. 27 

https://bitbucket.org/sonnhammergroup/metacnv
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Background 29 

An important aspect of genome analysis is the study of genetic alterations between individuals in a 30 

cohort, or between samples from one individual, for instance to understand cancer progression. One 31 

type of genetic alteration is copy number variation (CNV), which describes the fact that a segment of 32 

a genome, for example spanning one or more genes, is amplified or deleted. 33 

 34 

Up to 10% of the human genome has been estimated to contribute to CNVs, and abnormal copy 35 

numbers have been linked to mutation-prone diseases like cancer [1]. Knowledge about CNVs is not 36 

only crucial to understanding such diseases, especially with regards to their evolution, but also their 37 

effects on various phenotypes. 38 

 39 

Next-generation sequencing has revolutionized the possibilities to study inter- and intra-individual 40 

genome alterations. For accurate CNV analysis, typically tissue samples with 200-500 ng of DNA are 41 

required for sequencing with high coverage [2]. However, new generations of sequencing techniques 42 

arise and new approaches to sequence even single cell genomes are being developed that only require 43 

50 ng of DNA [2–4]. Copy number callers applicable to sequenced samples with very small amounts 44 

of DNA would create the possibility to investigate CNVs of smaller areas within a larger tissue 45 

sample, such as regions microdissected by laser, and thus offer spatial information of CNVs within 46 

formerly bulk-sequenced samples.  47 

 48 

CNVs can be detected experimentally with various assays, such as comparative genomic 49 

hybridization (CGH, e.g. bacterial artificial chromosomes (BAC) array), fluorescent in situ 50 

hybridization (FISH), and genotyping array. Another option is calling CNVs from genome sequences, 51 
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although calling correct copy numbers this way is a challenging task. To develop a solution, four 52 

different approaches have emerged, each built on certain assumptions and each with advantages and 53 

disadvantages. [5, 6] 54 

 55 

Callers purely based on a read coverage approach (i) predict copy number changes using the read 56 

coverage of a segment of the genome relative to the coverage of the whole genome. To achieve good 57 

results for both deletions and amplifications, this approach requires high sequencing depth (Figure S1). 58 

Further, short CNVs are often missed. The majority of existing copy number callers apply this 59 

concept, for example ReadDepth [7], CNV-seq [8], cn.MOPS [9], Control-FREEC [10], and 60 

CNVnator [11].  61 

 62 

Callers based on a paired-end mapping, also termed read-pair, approach (ii) predict copy numbers 63 

based on changes in the insert size of paired-end reads. This approach requires paired-end sequenced 64 

data and only considers those pairs of reads where both ends of a pair , i.e. concordantly, have been 65 

mapped. This decreases the number of reads and thus the amount of data that can be used for copy 66 

number calling. Further, the detectable deletions and amplifications depend on the given insert size of 67 

the concordantly mapped read-pair [12]. With a paired-end mapping approach, amplifications larger 68 

than the insert size cannot be discovered. However, the paired-end mapping approach is relatively 69 

independent from the sequencing depth. Further, this approach is appropriate to identify structural 70 

variants in general (e.g. inversions, inter and intra-chromsomal translocations) [5, 13]. A popular 71 

package is BreakDancer [14].  72 
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 73 

The split-reads approach (iii) takes only discordant mapped reads; that is, only one mate was aligned 74 

concordantly. For the unmapped read, alignment to a reference genome is reattempted by splitting the 75 

read and aligning both parts separately. A popular package doing this is PINDEL [15].  76 

Callers that apply combinations of the above described approaches, i.e. hybrids, represent the fourth 77 

type (iv). Combining a paired-end read and a read depth approach seems to be the most beneficial [5], 78 

for instance used by the callers SVDetect [16] and CNVer [17]. 79 

 80 

The rapidly growing field of single cell DNA (scDNA) sequencing challenges calling of variants, e.g. 81 

copy numbers, for individual cells having coverages ~1x. Examples of such callers specified for 82 

scDNA are Ginkgo [18] and SCNV [19]. They are both based on a read depth approach and correct 83 

for GC content bias. A limitation with these methods is that in order to deal with technical artefacts 84 

introduced by single cell sequencing leading to high noise, they require pools of at least 3 cells for 85 

calibration or normalisation. SCNV is further an example of adapting an established bulk method, 86 

SeqCBS, to scDNA data [19]. Another method is Lumpy [20], a structural variant caller applicable to 87 

low coverage data. However, it only outputs cnv types, i.e. deletion or amplification.  88 

 89 

However, in general callers require relatively high sequence coverage to achieve good results, or if 90 

specialised in scDNA, callers require multiple cells to be applied on. Although higher sequencing 91 

depth can be achieved with technologies like polymerase chain reaction (PCR), this leads to unevenly 92 

distributed copies of unique molecules, and fewer unique molecules with increasing sequencing depth 93 

influencing mutation calling. We here introduce MetaCNV, a method that combines different 94 

approaches in order to create a caller that is sensitive enough to detect CNVs in low coverage data 95 

(below 10x), even one single cell, but also works on normal and higher coverage data (above 30x and 96 

100x, respectively). It is a generally applicable method that in contrast to previous low coverage 97 

methods can be applied to single samples. 98 
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Algorithm and Implementation 99 

Implementation 100 

MetaCNV v1.4 is intended for use on unix operating systems. The graphical user interface was 101 

created with the GTK+ toolkit, a free library available for the majority of current unix distributions. 102 

MetaCNV algorithm 103 

MetaCNV combines the prediction of copy number callers based on different approaches and builds a 104 

consensus to achieve higher prediction accurateness. Some copy number callers (e.g. SVDetect) 105 

require a matched sample, for example to be able to distinguish somatic (only detected in the primary 106 

sample) from germline mutations (also found in the matched sample, e.g. blood). One of the current 107 

input callers for MetaCNV, SVDetect, was run with three different matched sample versions: a 108 

matched blood sample, a simulated normal sample with 20x read coverage, and a simulated null 109 

(simNull) alignment with constant zero read coverage, to test if this choice affects the prediction 110 

accurateness and increases sensitivity especially on low coverage data. 111 

 112 

Running MetaCNV comprises five steps (Figure 1).  113 

 114 

Choice of current input callers 115 

The current input callers for MetaCNV were chosen due to their relatively good prediction 116 

accurateness on low coverage data (Figures 4 & S13). Further, they belong to different calling 117 

approaches which perform differently depending on the type of a CNV. In low coverage data, we 118 

observed that ReadDepth v0.9.8, which applies a read depth approach, predicts mid-sized (106-108 bp) 119 

and larger deleted segments (>108 bp) more accurately than other callers, whereas amplifications were 120 

more accurately predicted by SVDetect v1.3, a representative of the hybrid approach.  121 
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 122 

Finally, a caller’s prediction coverage (Figure S7A, Table S3) is considered. Only ReadDepth and 123 

CopyCat [21] predict gapfree CNVs for an entire genome. Gapfree means that for each base pair of an 124 

investigated genome, a copy number is calculated which resulted in a high prediction coverage. 125 

SVDetect predicted for more than 90% of the genomes. The prediction coverage of Control-FREEC 126 

and CNVnator varied in cancer cell data sets from 33 to 65% and 35 to 80%, respectively. 127 

ReadDepth is built on the coverage-based approach, predicting copy numbers gapfree for the whole 128 

genome. It applies a negative binomial distribution to approximate an overdispersed Poisson 129 

distribution [7]. Further, it outputs absolute copy numbers for equally-sized, non-overlapping bins 130 

(Table S15). The optimal bin size is calculated by ReadDepth, but can be indirectly adapted by 131 

changing the false discovery rate.  132 

 133 

SVDetect is a tool used to detect general structural variants and is based on the hybrid approach for 134 

copy number calling, meaning both the coverage and any change in the insert size of read-pairs are 135 

considered when inferring copy numbers [16]. SVDetect copy numbers are not predicted gapfree, and 136 

in contrast to ReadDepth and CNVnator it requires for copy number calling a matched normal sample 137 

with which to relate the studied sample (Table S16).  138 

 139 

CNVnator v0.3.2, like ReadDepth, is based on the coverage approach, but with an additional mean-140 

shift approach that produces a probability distribution function from the coverage data, and links each 141 

data point, i.e. bin, to its maxima. Further, CNVnator is calibrated using the extensive validation done 142 

by the 1000 Genomes Project [11, 22]. Similar to SVDetect, it does not calculate copy numbers for 143 

the entire genome. As with SVDetect, the bin size can be modified by the user. Despite achieving 144 

good prediction accurateness on high coverage data, CNVnator predicts extremely high copy numbers 145 

on low coverage data (Figures S8, Table S17). However, it still produced reliable classification of 146 

segments into deletions and amplifications for low coverage data as accurately as SVDetect and 147 
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ReadDepth, and complements their predictions (Figure S13, Table S17). Based on this, ReadDepth, 148 

SVDetect, in combination with CNVnator as a referee for conflicts between ReadDepth and SVDetect 149 

were chosen as input callers for MetaCNV. 150 

Matched sample in SVDetect 151 

When SVDetect was run as part of MetaCNV, a simulated null sample with zero read coverage 152 

(simNull) was used. The simNull alignment as matched sample is a novel idea to increase sensitivity 153 

and to remove an additional source of noise for low coverage data. If comparing a low coverage 154 

sample with a matched sample having high coverage it will disturb a correct copy number calling. 155 

Ideally, a matched sample should have the same constant coverage as the sample to investigate. With 156 

current tools this constant coverage on each base pair of the genome is not achievable (Figure S21). 157 

Therefore, we developed the novel idea of a simulated null alignment containing zero coverage, and 158 

thus no noise. 159 

 160 

When SVDetect was run outside of MetaCNV for comparison, two different types of such matched 161 

samples were tested: a matched normal sample (matchedNormal) and a simulated normal sample with 162 

constant read coverage (simNormal). 163 

 164 

The matched normal was taken from the cancer cell lines HCC1187 and HCC2218 (Table 1) for 165 

which such samples are available (blood samples HCC1187BL and HCC2218BL). The simulated 166 

normal was inferred using Pirs [23].  167 

Segmentation of the genome 168 

ReadDepth divides a given genome into bins of a calculated minimum or a multiple of the minimum 169 

bin size. The bin size can only be manipulated indirectly by increasing the false discovery rate. For 170 

both, the high and low coverage study of sequenced single cells, it was set to 0.01 (default). SVDetect 171 

accepts a bin size given by the user. Several bin sizes were tested for SVDetect but the best results 172 
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were achieved with a bin size of 400 bp and no bin overlap. Based on the calculated bin sizes from 173 

both callers hidden in the start and end position in the output files, new bins were calculated with 174 

different sizes while also considering all breakpoints given by the input callers (Figure 2). At the end 175 

of the MetaCNV prediction process, bins with a similar copy number to one decimal place were 176 

merged into one segment.  177 

MetaCNV model  178 

The MetaCNV model contains rules to be applied to each bin, depending on the predicted copy 179 

numbers of the input callers representing different approaches of copy number calling; the strength of 180 

rules is in the decreased risk of overfitting. In general, MetaCNV accepts deletions and normal copy 181 

numbers if they are predicted by a coverage approach (current ReadDepth), and amplifications if they 182 

are predicted by a read-pair approach or hybrid approach of coverage and read-pair (current 183 

SVDetect). More detailed rule descriptions are listed in Table S18. To distinguish between deletions 184 

and normal copy numbers from amplifications, two thresholds T1 and T2 are introduced. T2 is the 185 

local minimum of the frequency of copy numbers produced by ReadDepth between 2 and 2.3; the 186 

other threshold T1 is calculated as 2 * P - T2 where P is the ploidy value (Figure 3).  187 

Due to gaps in the predictions from at least one current input caller (no copy number predicted) or 188 

conflicting predicted copy numbers from both callers, the MetaCNV model comprises additional rules 189 

and includes CNVnator as the referee in such conflicting cases.  190 

Normalisation of input data 191 

When developing a consensus approach, the results of the considered input callers need to be 192 

normalised in order to compare their results correctly. The detected bias in the predicted copy 193 

numbers of each input caller was corrected with a copy-number-dependent normalisation. The bias 194 

(systematic error) is the difference between frequency peak and ploidy (Figure 3, equations 1), where 195 

CN is the predicted copy number by a caller, CNnorm is the normalised CN, and P is the ploidy value 196 

which is for the autosomes 2 and for the allosomes either 2 if female or 1 if male. The maximum 197 

absolute bias correction is 0.5. 198 
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 (1) 199 

 (1a) 200 

 (1b) 201 

Converting log2 values into absolute copy numbers  202 

In general, callers predict copy numbers either as absolute copy numbers or as log ratio values which 203 

can be converted into absolute copy numbers with  204 

 (2) 205 

Absolute copy numbers reflect the number of repeats of the sequence [7]. The log2 values represent 206 

log2 transformed ratios to a matched sample or the ploidy P [6].  207 

When MetaCNV is run with input from SVDetect using a simulated normal sample, the 208 

formula above (equation 2) is applied to convert log2 values into absolute copy numbers for 209 

each bin. Before this, the log2 values CNlog2 are corrected with a genome wide median: 210 

 (2a) 211 

When MetaCNV is run with input from SVDetect using a simulated null alignment, the predicted 212 

values are accepted as copy numbers. This produces CNlog2 values that are always non-negative, 213 

because in the case of the simulated null alignment, they are relative to 0. Further, a distortion was 214 

observed which increases exponentially with the true amplification. This distortion is corrected with 215 

an equalizer factor q (Figure 20, equation 3). The net effect corresponds to a back log transformation 216 

that is calibrated to result in absolute copy numbers. 217 

 (3)  218 

 (3a) 219 
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Calculating error scores 220 

Each MetaCNV bin is annotated with an error score e mirroring the prediction similarity of the input 221 

callers. The score depends on the consensus of the input callers per bin and is averaged for the 222 

optimised segments considering the bin length per segment. The error score per bin is calculated as 223 

the squared absolute copy number difference between ReadDepth and SVDetect: 224 

 (4) 225 

For bins where ReadDepth did not predict a copy number, we assume CN = 0. ReadDepth predicts 226 

copy numbers gapless for a genome. Although, rare large gaps happen to occur but they are caused by 227 

non-sequenced regions which not contain genetic regions according to the reference genome GRCh38 228 

[30]. If SVDetect did not predict a copy number, CN = P is used. SVDetect does not predict copy 229 

numbers gapless for a genome although the coverage is sufficient in case of the high coverage data 230 

and no other obvious reason could be identified. (Pre-processing and application of calling methods, 231 

Suppl.) 232 

Accurateness evaluation 233 

To evaluate the accurateness of a caller, its result needs to be compared to true copy number 234 

variations. Different ways were taken to set such a gold standard: simulated data, for example for the 235 

validation of CNV-seq; clinical data with experimentally confirmed CNV, e.g. for the validation of 236 

CNVnator; or cancer cell lines, e.g. for the validation of Control-FREEC and ReadDepth.  237 

 238 

Further, the comparison between true and predicted copy number has either been performed for 239 

segments, e.g. validation of Control-FREEC and ReadDepth, or for genes [24]. Different accurateness 240 

measures have been applied, including accuracy, false discovery rate, F1-score [25], receiver 241 

operating characteristic with true positive and false positive rates [26], Spearman correlation, and root 242 

mean squared error [27].  243 

 244 
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Finally, absolute copy numbers, log2 ratio values or the class of a copy number [25], which is either a 245 

deletion or an amplification, were considered. Absolute copy numbers are decimal or integer values 246 

mirroring the number of repeats of the sequence [7] whereas the log2 ratios stand for log transformed 247 

ratios to a matched sample or the ploidy [6]. 248 

 249 

The prediction accurateness of a regression model, which is the case if comparing copy numbers, can 250 

be evaluated using the mean squared error (MSE, equation 5) and mean absolute error (MAE). In 251 

general, an error based measure calculates the difference between a true and a predicted value, which 252 

in this case is the difference between true and predicted copy number per gene. The mean absolute 253 

error presents the average error, whereas the mean squared error combines systematic and random 254 

error into one value [28]. It also penalizes outliers: each distance is squared, and larger distances thus 255 

get more weight.  256 

 257 

The true copy number per gene, xi, was compared with the predicted one, x̂i, by calculating the 258 

residuals 𝑥i - x̂i for all genes N. 259 

  (5) 260 

To avoid outlier penalty we compare additionally the prediction accurateness with the mean log ratio 261 

error: 262 

  (6) 263 

If a caller predicts highly different copy numbers for genes of a genome having the same true copy 264 

number but also predicts similar copy numbers for genes with different true copy numbers, then the 265 

analysis of copy number variations can become difficult. Therefore, copy number callers were also 266 

evaluated by the variance of the residuals, which mirrors how close the predicted values surround 267 
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each unique true copy number (equation 7. For each unique true copy number (integer) value, the 268 

variance of the predicted values was calculated, however, default elements were replaced with the 269 

residuals 𝑧i (the difference between actual 𝑥i and predicted value x̂i). The variances are then averaged 270 

for the total number of unique true copy numbers M. 271 

 (7) 272 

Matthew’s correlation coefficient (MCC) [29] can be applied for classification models and is 273 

especially applicable for unbalanced ratios of the four confusion matrix categories, which is the case 274 

for the cancer cell lines used in this paper (ratio of amplified/deleted genes from 0.8 to 5, Table 1). To 275 

define the classes of deletions and amplifications for ploidy P = 2, copy numbers > 2.75 were set as 276 

amplifications and copy numbers < 1.75 were set as deletions, while values in between were set as 277 

normal. In order to deal with these three classes (deletion, normal, amplification), the values for true 278 

positives, true negatives, false positives and false negatives were micro-averaged. This means that for 279 

example the true positive value TP is equal to TPclass1 + TPclass2 + TPclass3 . 280 

 281 

The prediction accurateness of several copy number callers and MetaCNV was evaluated using 282 

known amplified or deleted genes that were publicly available along with well-studied cancer cell 283 

lines. MetaCNV was developed for low coverage data. Therefore, MetaCNV’s accurateness was 284 

verified on single sequenced cells of a cancer cell line (SKBR3) having 1x to 6x read coverage. 285 

Additionally, the accurateness was assessed on four cancer cell lines with normal and high coverage 286 

(62x to 104x coverage, Table 1). The range of copy numbers among the cancer cell lines was limited. 287 

To validate MetaCNV on a wider range of copy numbers and also genome-wide, mutated genomes of 288 

different coverages were simulated. MetaCNV’s accurateness was compared with other callers’ 289 

accurateness by MLRE and MCC (MSE, MAE, and Spearman’s correlation in Figures S11, S13, S14).  290 

 291 
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For each caller, we map the output (segments and corresponding copy numbers) per cancer cell line 292 

and simulated genome to the human assembly GRCh38 Ensembl (release 84) [30]. Due to different 293 

segment sizes, this mapping resulted in one or several predicted copy numbers per gene. In such cases, 294 

the total copy number per gene was the sum of the weighted copy numbers, depending on their 295 

segment length within the gene (Figure S9). There were gaps in the prediction of SVDetect, 296 

CNVnator, and Control-FREEC, that is, no copy number for a segment was called. Such gaps within a 297 

gene were filled using the ploidy value. Some segments of the cancer cell lines given by COSMIC [31] 298 

(Cosmic, Suppl.) did not cover a gene completely. In these rare cases, the gene was reduced to the 299 

covered segment length within this gene. 300 

Cancer cell lines 301 

Cancer cell lines, like the HeLa cancer cell line, which can theoretically be divided and replicated 302 

indefinitely, contain cells taken from e.g. naturally-occurring cancer tissues [32]. They are publicly 303 

available and well-studied objects; mutations like CNVs and other structural variations are 304 

experimentally confirmed [33]. 305 

 306 

The use of cancer cell lines is advantageous due to the fact that the reviewed callers have to perform 307 

on real sequencing data, and the result can be compared to known CNVs. Using cancer cell lines can 308 

also be a disadvantage because of the lower heterogeneity found in them; high heterogeneity is a 309 

common characteristic of cancerous clinical samples. Further, variance and grades of deletions and 310 

amplifications are lowered, since a cancer cell line contains only a limited number of cells, compared 311 

to a bulk-sequenced clinical sample containing million of cells. Despite the disadvantages, testing a 312 

copy number caller’s accurateness on cell lines is easy, transparent, and replicable. 313 

 314 

The cancer cell lines HCC1187 (with matched blood sample), HCC2218 (with matched blood sample), 315 

MCF7, PC3, and SKBR3 (Table 1) were chosen to compare MetaCNV’s accurateness with other 316 
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callers’ accurateness. The sequenced DNA of a single cell of SKBR3 (1x per cell) by using a novel 317 

method to sequence both, genome and transcriptome of the same single cell [4], was used as low 318 

coverage data. The sequenced and aligned single cell genomes were stepwise merged to present 319 

increasing coverages. 320 

Simulated mutated genomes 321 

For each of four coverages (1x, 2x, 5x, and 10x), three mutated human genomes were simulated (gw1, 322 

gw2, lcd). The paired-end reads for the chromosomes 1-22 were generated using CNVsim v0.9.2, 323 

aligned using Bowtie2 v2.2.9 (Langmead et al., 2009), and converted, sorted and indexed using 324 

Samtools v1.2 (Li, 2011). For each of the three genomes, 30 to 50 segments per chromosome and 325 

each segment with a copy number unequal to 2 and a length of 10 kbp to 100 kbp were generated. The 326 

simulated genomes were mapped to GRCh38 (Table 2). Two simulated genomes (gw1, gw2) were 327 

used to compare the callers’ results for a genome wide copy number prediction. CNVnator and 328 

Control-FREEC only gave partial predictions, see Table S4. The third simulated genome (lcd) was 329 

therefore used to compare the callers’ results on a reduced data set comprising segments for which a 330 

prediction of all callers (MetaCNV, SVDetect, CNVnator, ReadDepth, Control-FREEC) was 331 

available. This, however, limited the range of copy numbers from 0 to 4. 332 

Results 333 

The consensus copy number caller presented here, MetaCNV, combines a number of primary callers 334 

by rules that optimally harness the strengths of each method. MetaCNV’s and other callers’ 335 

accurateness were evaluated by calling copy numbers for cancer cell lines and comparing the results 336 

with experimentally confirmed deleted or amplified genes in the COSMIC database. To consider a 337 

higher number of mutated genes and a wider range of copy numbers, MetaCNV’s and the other 338 

callers’ accurateness was also evaluated on three simulated mutated human genomes for each of the 339 

coverages 1x, 2x, 5x, and 10x.  340 

 341 
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True and predicted absolute copy numbers were compared by the mean log ratio error (MLRE) across 342 

all genes. We also calculated Matthew’s correlation coefficient, MCC, on the predicted classes of 343 

deleted and amplified genes. This measure evaluates how well callers can differentiate between 344 

amplifications and deletions in general. 345 

Prediction accurateness on low coverage data 346 

We assessed copy number prediction accurateness on a single-cell sequenced cancer cell line (SKBR3) 347 

with stepwise merged alignments of one additional cell, and stepwise increased coverage from 1x to 348 

6x. MetaCNV was compared to the popular copy number callers CNVnator, Control-FREEC, 349 

ReadDepth, and SVDetect. In all benchmarks, MetaCNV was the most accurate method. MetaCNV 350 

outperformed the other methods in the majority of coverages in the MLRE benchmark. In all MCC 351 

benchmarks, MetaCNV was the most accurate method. MetaCNV was the most robust method as it 352 

was the top performer for MLRE, MSE, MAE, and MCC in the majority of the coverage levels 353 

(Figures 4, S13- S15, Tables S8-S10).  354 

 355 

CNVnator produced only a reliable classification of segments into deletions and amplifications; 356 

absolute copy numbers were not usable. For example for the SKBR3 cell line, sequenced single cell 357 

nr. 1, copy numbers for regions of deletions ranged from 0 to 2,664 and copy numbers for regions of 358 

amplifications ranged from 0 to 44,084 (Figure S8). Increasing coverage from 1x to 6x improved the 359 

accurateness only for Control-FREEC, a coverage based approach, although it never reached the 360 

accurateness of its competitors. 361 

Prediction accurateness on high coverage data  362 

MetaCNV’s accurateness on cancer cell lines with high read coverage was compared to the 363 

accurateness of other callers which are CNVnator, CopyCat, Control-FREEC, ReadDepth, and 364 

SVDetect.  365 

 366 
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Although MetaCNV was designed for low coverage data, it also performed well for high coverage 367 

data. In three of four tested cancer cell lines, it was the best performer (Figure 5). Several predictors 368 

reached an MCC near 1.0 in two cell lines, hence there was no clear winner there. To present an 369 

overall accurateness, MLRE and MCC were averaged over the four tested cancer cell lines per caller 370 

(Figures 5c & 5d). MetaCNV showed the best overall accurateness with MLRE and second best with 371 

MCC, only 0,004 behind CNVnator.  372 

Prediction accurateness on simulated mutated genomes 373 

MetaCNV’s predictive accurateness on simulated mutated human genomes was compared to the 374 

predictive accurateness of CNVnator, SVDetect, ReadDepth, and Control-FREEC. The simulated 375 

datasets comprise the predictions genome-wide and reduced to genes for which an output from all 376 

callers was available. Each dataset was simulated in different coverages (1x, 2x, 5x, 10x). MetaCNV 377 

performed best in all tested simulated datasets using MLRE and MCC (Figures S16A,  S17, and 18A); 378 

in two datasets (2x-gw2 and 5x-lcd) MetaCNV and ReadDepth performed equally well using MLRE. 379 

 380 

The novel simNull alignment as matched sample 381 

SVDetect, one of the current input callers for MetaCNV, requires a matched sample for copy number 382 

calling. For the cancer cell lines HCC1187 and HCC2218, a matched normal blood sample was used 383 

(HCC1187BL, HCC2218BL). Additionally, a normal sample was simulated with constant coverage. 384 

However, a simulated normal sample also contains noise and variance in coverage which negatively 385 

influences copy number calling for low coverage data. Further, comparing a low coverage sample (e.g. 386 

3x) with a matched sample having higher coverage (e.g. 30x) will lead to an insensitive result. 387 

Therefore, we developed the novel idea of a simulated null alignment containing zero coverage, and 388 

thus no noise, to improve the sensitivity of copy number calling.  389 

 390 
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SVDetect using a simulated null alignment creates one of the inputs for MetaCNV. For comparison, 391 

MetaCNV was also run with input from SVDetect using a simulated normal sample. MetaCNV with a 392 

simulated null alignment achieved better overall results than with the simulated normal alignment 393 

when evaluated using MSE and MLRE (Figure S19). This was true for both low and high coverage 394 

data, although the effect was much stronger for low coverage data. 395 

 396 

However, just replacing the matched simulated normal sample with a simulated null alignment in 397 

SVDetect did not always improve the prediction for high coverage data, see Figure S19. 398 

Taken together, the superior accurateness of MetaCNV stems from: (i) combining the prediction of 399 

multiple callers to form a consensus, (ii) considering that the reliability of a copy number depends on 400 

the approach the caller was based on, and (iii) for low coverage data, using a matched sample with 401 

zero instead of normal coverage. 402 

Discussion and conclusions 403 

To investigate smaller areas within a tissue section or even sequenced single cells, callers are needed 404 

that are able to detect CNVs in low coverage alignments. We present MetaCNV a copy number caller 405 

specialised in low coverage data. MetaCNV is based on a consensus approach combining different 406 

calling approaches and achieved a better prediction accurateness on low coverage data than other 407 

reviewed callers. MetaCNV also performed well on high coverage data. (Figures 4 & 5) 408 

 409 

In low coverage data, we observed that a read depth approach is better in predicting deleted segments, 410 

whereas amplifications were more accurately predicted by representatives of the paired-end mapping 411 

or hybrid approach. However, current callers, including those that employ a hybrid model, apply the 412 

developed calling model to each type of variation (deletions and amplifications). MetaCNV considers 413 

several calling approaches and builds a consensus based on rules to avoid overfitting, which results in 414 

predicting CN more accurately. Due to the different approaches of the current input callers 415 



Page 18 of 29 

(ReadDepth, SVDetect, and CNVnator), MetaCNV is biased towards mid-sized and large deletions 416 

and short and mid-sized amplifications. 417 

 418 

To identify somatic structural variants, callers such as SVDetect require a matched normal sample. In 419 

order to increase sensitivity for low coverage data, we developed the novel idea of a simulated null 420 

alignment used as matched sample. MetaCNV requires the calling result from SVDetect using this 421 

simNull as matched sample. For demonstration, MetaCNV was also tested with the input from 422 

SVDetect using a simulated normal, however, with a simNull performing a better prediction. The 423 

effect of a simulated null alignment compared with a simulated normal or matched normal is low if 424 

applied on high coverage data. In contrast, the impact increased immensely for low coverage data 425 

where, on the one hand, additional noise disturbs the prediction accurateness, and on the other hand, 426 

high sensitivity is required to predict reliable copy numbers. The simNull alignment leads to a 427 

distortion of predicted copy numbers that increases with the copy number. This distortion is corrected 428 

in a simple way, but with more alignments having different read coverages, a more sophisticated 429 

approach could lead to a further improvement in prediction. 430 

 431 

The evaluation in this study was done using an error benchmark comparing true and predicted value 432 

per instance (gene), the mean log ratio error (MLRE), and Matthew’s correlation coefficient (MCC) to 433 

assess how well a caller can distinguish between deletions and amplifications. The benchmarks mirror 434 

that coverage-based approaches are highly dependent on read coverage, and show that MetaCNV 435 

outperforms other callers on low coverage data and performs well on high coverage data. 436 

 437 

It was not possible to include specialized low coverage scDNA callers in the benchmark. Ginkgo and 438 

SCNV can not be run for single samples and Lumpy does not output quantitative CNV values. CNV-439 

seq v0.2-8 gave ambiguous copy numbers for overlapping bins. We could however run Ginkgo using 440 

all SKBR3 single cell samples, which gives it considerably more information than the callers 441 
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presented in the benchmark have. Despite this, Ginkgo achieved worse accurateness than MetaCNV 442 

for all six SKBR3 cells when evaluated with MCC, and worse or equal accurateness for four cells 443 

when evaluated with MLRE.  444 
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 563 

Table 1. Cancer cell lines used for accurateness testing. Coverage and number of deleted and 564 

amplified genes extracted from COSMIC are presented. Copy numbers were called from sequenced 565 

genomes and experimentally confirmed with PICNIC [34]. 566 

Cancer Coverage # of amplified # of deleted Total # of Ratio 
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cell line genes genes genes with 

CNVs 

amplified/ 

deleted genes 

HCC1187 104x 154 46 200 3.48 

HCC2218 93x 200 36 236 5.55 

MCF7  62x 49 30 79 1.63 

PC3  76x 179 222 401 0.81 

Single-cell 

SKBR3  

6 stepwise merged 

single cells with 

1x to 6x 

161 29 190 5.55 

 567 

Table 2. Simulated mutated genomes used for accurateness testing. The simulated data sets gw1 and 568 

gw2 were used to compare the prediction results for a genome-wide prediction. The simulated data 569 

sets lcd was used to compare the prediction results for genes for which a prediction of all tested caller 570 

was available. 571 

Simulation 
Depth of 

coverage 

# of amplified 

genes 

# of deleted 

genes 

Total # of 

genes 

Ratio amplified/ 

deleted genes 

sim 1x gw1 1.1x 283 559 13906 0.51 

sim 1x gw2 1.1x 236 573 13920 0.41 

sim 1x lcd 1.5x 25 30 330 0.83 

sim 2x gw1 2.2x 247 560 13937 0.44 

sim 2x gw2 2.2x 254 588 13922 0.43 

sim 2x lcd 2.9x 42 44 16 0.95 
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sim 5x gw1 5.7x 230 580 13987 0.40 

sim 5x gw2 5.7x 251 593 13949 0.42 

sim 5x lcd 7.3x 62 48 14 1.29 

sim 10x gw1 11.3x 263 560 13882 0.47 

sim 10x gw2 11.3x 240 551 13865 0.44 

sim 10x lcd 14.9x 54 49 7 1.10 

 572 

 573 

 574 

Figure 1. MetaCNV workflow to call copy numbers. MetaCNV requires as input an SVDetect 575 

prediction using a simulated null alignment (simNull) as matched sample (Figure S19). 576 

 577 
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 578 

Figure 2. Genome segmentation by MetaCNV. A. Segmentation of the genome according to the bins 579 

and breakpoints from the input callers. B. Consensus segment prediction by MetaCNV is marked as a 580 

thick line. Bins c is predicted as amplified and bin d as deleted. Here there is no conflict between the 581 

input callers, hence the consensus is that c is amplified and d is deleted. Bin f is not predicted by 582 

SVDetect, but because ReadDepth predicts it as an amplification, this becomes the consensus. Bins b, 583 

e and g have conflicting ReadDepth and SVDetect predictions. CNVnator judges that e and g are 584 

amplifications, hence this becomes the consensus. Bin b is set to CN 2 because only ReadDepth 585 

predicts it as an amplification and CNVnator makes no prediction (Table S18).  586 

 587 
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 588 

Figure 3. Distribution of absolute copy numbers. Copy numbers were called with ReadDepth of 589 

cancer cell line HCC2218 after segmentation (6,867,679 segments with an average segment length of 590 

450 bp). A. The bias occurs around each integer copy number and is lower for CNRD ~1, but increases 591 

for CNRD ~2. The factor for normalisation is a linear function (equation 1b) which serves to adjust the 592 

bias for different CNRD. B. Distribution of absolute copy numbers called with ReadDepth after 593 

normalisation 594 

 595 
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 596 

Figure 4. Prediction accurateness of MetaCNV on low coverage data, compared to CNVnator, 597 

Control-FREEC, ReadDepth, and SVDetect. A and B present the benchmark results with MLRE and 598 

MCC per merged alignment. C and D show the overall results averaged across all benchmarked 599 

alignments. 600 

 601 
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 602 

Figure 5. Prediction accurateness of MetaCNV and other copy number callers for high coverage data. 603 

A and B present the average benchmark results per cancer cell line. SVDetect using matchedNormal 604 

could only be performed for HCC1187 and HCC2218, for which matched blood samples were 605 

available. C and D show the overall results averaged across all benchmarked cell lines. 606 
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Figures

Figure 1

MetaCNV work�ow to call copy numbers. MetaCNV requires as input an SVDetect prediction using a
simulated null alignment (simNull) as matched sample (Figure S19).



Figure 2

Genome segmentation by MetaCNV. A. Segmentation of the genome according to the bins and
breakpoints from the input callers. B. Consensus segment prediction by MetaCNV is marked as a thick
line. Bins c is predicted as ampli�ed and bin d as deleted. Here there is no con�ict between the input
callers, hence the consensus is that c is ampli�ed and d is deleted. Bin f is not predicted by SVDetect, but
because ReadDepth predicts it as an ampli�cation, this becomes the consensus. Bins b, e and g have
con�icting ReadDepth and SVDetect predictions. CNVnator judges that e and g are ampli�cations, hence
this becomes the consensus. Bin b is set to CN 2 because only ReadDepth predicts it as an ampli�cation
and CNVnator makes no prediction (Table S18).



Figure 3

Distribution of absolute copy numbers. Copy numbers were called with ReadDepth of cancer cell line
HCC2218 after segmentation (6,867,679 segments with an average segment length of 450 bp). A. The
bias occurs around each integer copy number and is lower for CNRD ~1, but increases for CNRD ~2. The
factor for normalisation is a linear function (equation 1b) which serves to adjust the bias for different
CNRD. B. Distribution of absolute copy numbers called with ReadDepth after normalisation



Figure 4

Prediction accurateness of MetaCNV on low coverage data, compared to CNVnator, Control-FREEC,
ReadDepth, and SVDetect. A and B present the benchmark results with MLRE and MCC per merged
alignment. C and D show the overall results averaged across all benchmarked alignments.



Figure 5

Prediction accurateness of MetaCNV and other copy number callers for high coverage data. A and B
present the average benchmark results per cancer cell line. SVDetect using matchedNormal could only be
performed for HCC1187 and HCC2218, for which matched blood samples were available. C and D show
the overall results averaged across all benchmarked cell lines.
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