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                                     Abstract 
Copy number variation (CNV) is a form of structural 
variation caused by duplications or deletions of a large  
DNA segment, which may have a vital impact on human 
health, causing many neurological diseases as well as  
cancer. Detection of genomic regions with copy number 
variation is a challenging task. Our method is based on 
next generation sequencing (NGS) technology’s read depth 
approach. We have used smith waterman algorithm for 
alignment of the NGS based short reads and calculated the 
read count per window. The read count data may suffer 
from mappability bias which may lead to false detection of 
variants. To deal with this issue, we have introduced a k-
mer based normalization technique. The smoothened read 
count data is then transformed to its corresponding 
statistical measure. Finally, we have applied clustering 
technique to identify the regions with duplications and 
deletions. Our approach achieves higher accuracy than 
existing packages with a low FPR value as well our 
method is applicable to both small and large genomic 
datasets. 
 
Keywords: CNV, NGS, Mappability bias, Structural Variations, 
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1. Introduction 

Copy number variation (cnv) [2] is a type of structural 
variation (sv) [3]  in the mammalian genome. It is also 
called genomic variation which refers to the duplication or 
deletion of the DNA segment. The number of copies of 
genomic DNA is referred by copy number. Structural 
variations i.e duplications or deletions can affect the DNA 
which is larger than 1kbp. Although  there are other forms 
of structural variations but copy number variation is the 
major contributor of various diseases such as autism, 
schizophrenia, alzheimer disease, cancer, etc [8,9]. In 
earlier days fluorescence in situ hybridization (FISH) [10] 
and array comparative genomic  hybridization (aCGH) [1] 
were used to detect copy number variations (cnv).  
 

However these methods suffer from certain limitations i.e., 
they could not identify regions with translocations and 
inversions (another form of structural variations). The 
reason is that this is only chromosomal rearrangements and 
do not result any loss or gain of the genetic material. In 
addition to this array CGH [1] could not detect single base 
pair changes in DNA. Furthermore, these techniques can 
be affected by noise due to cross -hybridization between 
probe and target sequences. Now a days many methods of 
high throughput sequencing have been discovered named 
as next generation sequencing(NGS) [11,12]. NGS 
technology brought a revolutionary change in the field of 
life science. Next generation sequencing(NGS) [11,12] are 
also known as the high throughput sequencing methods 
that include  the concept of massively parallel sequencing 
of millions of DNA fragments in a single sequencing run. 
 
Next, we discuss some of the existing methods to detect 
structural variations. SegSeq [4] is a method which 
compares the tumor samples to the reference to detect copy 
number aberrations. SegSeq includes segmenting the 
chromosome. i.e it partitioned the genome into fixed size 
windows. The ratio between tumor sample read counts and 
reference read counts are observed for each and every 
window. If the ratio is greater than 1.5 then segments are 
called gains and if the ratio is below 0.5 then segments are 
called loss. However, in window based approaches 
window size is fixed and should be defined first. This can 
be a major disadvantage because the performance of the 
algorithm can be affected by the size of the window.  rSW-
seq [5] is another method which is based on the 
modification of smith waterman algorithm that is why it is 
called recursive smith waterman-seq. The read ratio i.e 
(total number of tumor reads)/(total number of normal 
reads) is observed. Copy number alterations is there where 
the read ratio varies from the expected read ratio. It uses 
the concept of moving window to generate the read ratios 
along the genome. Here the window size does not need to 
be specified previously. This is the main advantage of 
rSW-seq over seg-seq. 
 
Another copy number alterations (CNA) detection method 
is CMDS [6] i.e correlation matrix diagonal segmentation., 
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which is a computationally efficient method. The intensity 
ratio is calculated between a target sample and a reference 
sample. Based on this the Pearson correlation coefficient is 
calculated between the chromosomal sites and this value is 
normalized by fishers transformations. If the value of the 
correlation  coefficient is greater than zero then this result 
a square block along the diagonal. If the value of the 
correlation coefficient is zero then no square block is 
identified. In this way the recurrent copy number alteration 
is detected by searching the square block. 
 
In our work, we propose a computationally efficient and 
statistically powerful approach to identify copy number 
variations (CNV) in a genome. Our method is based on 
NGS technology’s read count based approach. We have 
used smith waterman algorithm for alignment of the short 
reads and calculated the read count per window. The read 
count data may suffer from mappability bias which may 
lead to false detection of variant. Hence the false positive 
rate (FPR) would increase. To reduce this we have 
introduced a normalization technique. This normalization 
is done on the read count data using some statistical 
measure. In our approach, to eliminate this mappability 
bias we have introduced a statistical technique. We have 
divided the reference genome into overlapping k-windows 
of 36bp (k-mers). Then, we have used smith waterman 
alignment algorithm again to align these reads back to the 
reference genome. Next, by using the concept of posterior 
probability we have calculated the probability of a read to 
get mapped to the reference genome. The reads which are 
uniquely aligned the probability of that window will be 1. 
Based on this we have smoothed the read count of those 
windows where multiple alignment occurs. 
 
Next, we have used a statistical measure to convert the 
smoothened read count data into its corresponding Z-Score 
value. Finally, we have applied clustering technique to 
identify the regions with duplications and deletions. Our 
method is easily applicable for large data sets. In order to 
evaluate the performance of our method we compared it to 
the correlation matrix diagonal segmentation (CMDS), 
where our method performed better with respect to both 
large and small input size and with low false positive rate. 
 
2. Methods 
Our approach goes through a pipeline of processes, 
described below. 
 
2.1 Input Data 
Our work is based on next generation sequencing (NGS) 
where we have taken a standard reference sequence of size 
n. We have taken s number of samples. Each sample is 
associated with multiple reads generated from massively 

parallel sequencing technology (NGS). Reference 
sequence is then divided into w number of windows. 
  
2.2 Alignment of short reads 
Next, we have used Smith waterman algorithm [7] for 
alignment of the short reads back to the reference genome. 
We have divided the reference genome into w number of 
windows. By using alignment we can find similarity 
between query sequence and different database sequence.  
Smith waterman algorithm is a local sequence alignment 
algorithm, where similar sequence or even dissimilar 
sequence can be compared using local alignment method. 
Furthermore, smith waterman algorithm can find the local 
region with high level of similarity and can also align  two 
partially overlapping sequences. In our approach, we have 
assumed the match score as +2 and the mismatch score as -
1. However, the formula for matrix filling is. 
 
 Mi,j = Maximum [ Mi-1,j-1 + Si,j, Mi,j-1+W , Mi-1,j+W,0 
](1) 
 
After filling the entire matrix we traced back for an optimal 
alignment. Next, we have calculated the read count 
(number of reads mapped to a particular window) per 
window, where read count means how many reads are 
getting aligned to a particular window. In case of 
duplications, more number of reads will get mapped to a 
window. So, the read count of that window where 
duplication occurs will be automatically high. Similarly, 
the windows affected by deletion event, will have a low 
read count value.  
 
2.3 Mappability bias 
The read count data may suffer from mappability bias 
[14,15] which may lead to false detection of variant. Hence 
the false positive rate (FPR) would increase. To reduce this 
we have introduced a normalization technique. This 
normalization is done on the read count data using some 
statistical measure. 
Mappability bias is the major bias that can affect the 
structural variation. Furthermore, due to the short read 
length a small number of reads are mapped to multiple 
positions. This can also happen due to the repetitive 
regions in the reference genome. However, some methods 
completely ignored this ambiguously mapped reads. Some 
methods use the technique of randomly assigning an 
ambiguous read to any one of the possible alignment 
positions.  The problem is that this strategy suffers from 
false positive [17]. Failure to eliminate the mappability 
bias will lead to increase read densities within regions with 
higher mappability [16]. This can lead to spurious results. 
The amount of non-unique sequence in a genome directly 
affects read count. 
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In our approach, to eliminate this mappability bias we have 
introduced a statistical technique. We have cut the human 
reference genome into overlapping k-windows of 36bp (k-
mers) [19]. The term k-mers refers to all the possible 
substring of length k.  However, we have used smith 
waterman alignment algorithm again to align these reads 
back to the reference genome. Next, by using the concept 
of posterior probability we have calculated the probability 
of a read to get mapped to the reference genome. In 
statistical terms, the posterior probability is the probability 
of event A occurring given that event B has occurred. We 
have chosen a predefined threshold value for this purpose 
and the probability of a read to get mapped to the reference 
genome is calculated. If a particular read is repeated n 
times then the probability of those window where the read 
is repeated will be 1/n means at those windows multiple 
alignment occurs i.e reads are ambiguously mapped. 
Furthermore, the reads which are uniquely aligned the 
probability of those window will be 1. Based on this we 
have smooth the read count of those windows where 
multiple alignment occurs. 
 
2.4 Normalizing the read count data 
We have used a statistical technique called moving average 
to normalize the read count data. 
We have calculated the Z- score of the normalized read 
count data using the following formula.. 
                      
                             Z=(x-µ)/ð                                         (2) 
 
Where x is the value of the read count data of w window. µ 
is the mean of the read count data and ð is the standard 
deviation. For each sample we transformed the 
smoothened read count data into its corresponding Z-Score 
value. The genomic regions having duplications will have 
a high value of Z-Score and the regions having deletions 
will have a low value of Z-Score. 
 
2.5 Clustering  
Clustering is a process where the data items are partitioned 
to meaningful subclasses i.e the similar data items are 
grouped in one cluster and the dissimilar data items are 
grouped in another cluster. Homogeneity and separation 
are two main principle of clustering. Homogeneity means 
that the elements of the same cluster are maximally close 
to each other. Separation means that the elements in 
separate cluster are maximally apart from each other. We 
have used clustering to cluster the genomic regions into 
homogeneous group. We have considered three cluster 
here i.e the genomic region where the duplication has 
occurred belongs to one cluster, the genomic region where 
the deletion occurs belongs to another cluster, and the 

genomic region where no structural variations are 
identified belongs to a separate cluster. In our approach, 
we have used K-means clustering algorithm [20] for this 
purpose. We have used it for the analysis of single 
samples. The main idea of K-means clustering is to define 
k centroids. We have created 3 cluster so k=3. We have 
considered each point to our data set and associate it to the 
nearest centroid. This is an iterative algorithm. When all 
the data have been assigned, we have to recalculate the 
position of k centroid and this process continues until 
convergence [21]. This algorithm aims to minimize an 
objective function. 
                                                            
            i∑  ∑ ║Xi  - Cj║2                                   (3) 
 
where i={1 …k} and ║Xi  - Cj║ is the distance between a 
data point Xi and the cluster center Cj. We have 
considered the Z-scores as the data points and Z-scores is 
partitioned to k clusters. However, where structural 
variations i.e duplication occurs the Z-scores of those 
window will be automatically high and they formed a 
cluster. Where deletion occurs the Z-Scores of those 
window will be low and they formed another cluster. 
Finally, the rest of the windows where there is no structural 
variation belongs to a separate cluster.  
 
3. Results 
 
In our work, we have simulated human reference DNA 
sequence by generating a reference sequence of size 
100000 base pair of ATCG. We had generated 5 samples, 
among which in 3 samples, we had introduced duplications 
& deletions. We introduced 2 duplications, one from 
position 300-2000 bp and another from 8000-9500 bp in 
one sample. In the second sample we introduced only one 
duplication from position 500-2500bp. In the 3rd sample 
we had introduced a deletion event from position 7500-
9000bp. To make the experiment more realistic we did not 
introduce any structural variations in the other 2 samples. 
Each sample is divided into fixed 36 bp short reads (Figure 
1). Next, we have aligned the short reads with smith 
waterman algorithm, considering several parameters, i.e., 
match score as +2 and mismatch score as -1. All the reads 
(considering S=36 bp) were aligned back to the reference 
genome (considering w=100 bp fixed window size) and 
got the match score. Match score which is maximum 
considered as the best alignment. The read count per 
window were then calculated (Figure 2). We observed that 
the false positive rate would increase. Due to this we have 
developed a simple statistical method to correct the 
mappability bias. The reference were sliced into 
overlapping k windows (k=36) and the reads were again 
aligned back to the reference genome using smith-
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waterman algorithm. Next, we have calculated the 
probability of a read to get mapped to the reference 
genome. For example, if a particular read is repeated 30 
times then the probability of those window where the read 
is repeated will be 1/30 means at those windows multiple 
alignment occurs i.e reads were ambiguously mapped. 
Probability 1 means that the reads were uniquely aligned. 
Our algorithm selects those windows for bias correction 
where multiple alignment occurs. Based on this 
observation, our algorithm uses a simple statistical 
correction to adjust the read count for the bias. After 
correction of the mappability bias we have calculated the 
Z-score (figure 3) from the read count data. 
 
Once the read count were adjusted for each window in the 
genome, our algorithm applies K-means clustering to 
divide the genome into same contiguous region with the 
same copy number. We have chosen the parameter K as 
K=3. That means our algorithm have created 3 clusters. 
One is for duplication i.e the windows where the copy 
number gain occurs, forms one cluster. The second cluster 
is where the copy number loss i.e deletion occurs. Finally, 
those windows where there were no variation forms the 
third cluster (Figure 4). 
 

                
 
 
 
 
 
 
 

 
 
 
Fig 2: The read count per window is shown by this 
diagram. The X axis denotes window and Y axis 
denotes the read count value. In the first sample we 
have added two duplications. One from position 300-
2000 and another one is from 8000-9500. Figure shows 
that the read count value where the duplication occurs 
was high. 
 
 
 
 
 
 

 
Fig 3: Figure shows the Z-score corresponding to the 
read count value where X axis denotes the window and 
Y axis denotes the corresponding Z-score. 
 
 
 
 
 
 
 

Fig 1: Samples are sliced into 36bp reads. These are   
called the short reads.   
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Fig 4: Clustering divided the genome into same 
contiguous region with the same copy number. We 
have added two duplications. One from position 300-
2000 and another one is from 8000-9500. Figure shows 
that where duplication or copy number gain occurs 
forms one cluster and the rest belongs to another 
cluster. 
 
 
4. Comparison 
 
In order to evaluate the performance of our algorithm, we 
compared it to the CMDS (correlation matrix diagonal 
segmentation). CMDS takes the copy number data of m 
physically ordered chromosomal sites of n individual 
samples as an input. Then pearson’s correlation 
coefficients is calculated between the chromosomal sites. If 
the value of the correlation between the sites is greater than 
zero then it will cause a positive correlation and it will 
result a square block along the diagonal of the matrix. The 
copy number regions can be detected by searching the 
square block. CMDS performs a diagonal transformation 
and calculate a RCNA score based on the correlation 
values. Though CMDS is statistically powerful approach 
but the statistical power of it depends on the block size. 
The block size needs to be specified for CMDS analysis. If 
the block size is not optimal then the false positive rate 
(FPR) would increase as well as the method will loss its 
sensitivity. 
CMDS and our algorithm both showed >90% of sensitivity 
at detecting large sized alterations. With low sequencing 
depth our algorithm showed low false positive rates 
compared to CMDS. 
We have calculated F-Score which considered both the 
precision and sensitivity to compute the score. The higher 

the F-Score, the better predictive power of the 
classification procedure. We have added 5 duplications in 
both the algorithm and observed that the false positive of 
CMDS is comparatively higher than our method. We also 
calculated the true positive rate (TP/TP+FP) and precision 
(TP/TP+FN). We observed that our method shows 83% 
sensitivity in detecting copy number variation (Table 1). 
Furthermore, the F-Score of our method is comparatively 
higher than CMDS. 
 
 
Table 1: The overall Precision, Sensitivity and F-Score 
obtained  by the two compared algorithms. 
 
 Precision 

or 
positive 
predictive 
value 

Sensitivity  
Or  
true 
positive 
rate (TPR) 

F-Score 
[2*(precision*sensitivity/ 
precision +sensitivity)] 

CMDS 0.62 0.714 0.66 

Our 
Method 
 

0.833 0.833 0.83 

 
 
 
 
 
 
5. Conclusion: 
In this work, we propose a computationally efficient and 
statistically powerful approach to identify copy number 
variations (CNV) in a genome. Our method is based on 
NGS technology’s read count based approach. We have 
used smith waterman algorithm for alignment of the short 
reads and calculated the read count per window. The read 
count data may suffer from mappability bias which may 
lead to false detection of variant. Hence the false positive 
rate (FPR) would increase. To reduce this we have 
introduced a normalization technique based on k-mer 
approach as described in Method Section. Next, we have 
used a statistical measure to convert the smoothened read 
count data into its corresponding Z-Score value. Finally, 
we have applied clustering technique to identify the 
regions with duplications and deletions.  
We compared our method with CMDS (correlation matrix 
diagonal segmentation) which is a popular copy number 
variation detection method. Correlation matrix diagonal 
segmentation (CMDS) is a computationally efficient and 
statistically powerful approach for detection copy number 
alterations. In CMDS, We observed that If the block size is 
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not optimal then the false positive rate (FPR) will increase 
as well as the method will lose sensitivity in the estimation 
of RCNA score. With low sequencing depth our algorithm 
showed low false positive rates compared to CMDS. We 
have calculated the sensitivity and F-Score in both the 
methods. Our method shows  >84% sensitivity in detecting 
copy number variations. Furthermore, our algorithm shows 
higher F-Score that means better predictive  power of the 
classification procedure. 
 
The limitations of our algorithm is that clustering of the 
genomic regions done using k-means algorithm is sensitive 
to the initial selection of centroids. It is also sensitive to 
outlier data points. As a solution, genetic algorithm can be 
used to overcome the issues.  
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