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Abstract—Copy Number Variants are a new parameter to 
measure the rate of mutations that in turn are responsible for 
pathological effects and susceptibility to diseases. This paper is an 
introduction to the different techniques to estimate CNV location 
and frequency computationally and comparison of their 
performances. Furthermore, the paper highlights the type of 
mutations and elaborates on the importance of CNV estimation. 
Also, the effect on known diseases and the impact of CNV 
variations on evolution has been investigated. 
 

Index Terms—CNV (Copy Number Variants), SNP (Single 
Nucleotide Polymorphism), array based CGH (Comparative 
Genomic Hybridization, ROC curve based residual, HMM, Penn 
CNV, Quanti CNV, Bayes Factor, Poisson. 
 

I. INTRODUCTION 

OPY NUMBER VARIANTS (CNV) refer to insertions, 
deletions and other structural variants in gene sequences 

of size greater than 1KB. Copy number variants (CNVs) 
underlie many aspects of human phenotypic diversity and 
provide the raw material for gene duplication and gene family 
expansion. With increasing interest in understanding 
phenotype of individuals from their genetic build, structural 
variation has become a prominent factor. Smaller variations 
with respect to allele are referred as SNP variations and have 
been studied in detail. But, over the years, researcher have 
found that affected individuals have variations that span over 
wider sequences and hence the rise of structural variant term. 
Structural variant is the umbrella term comprised of all sorts of 
genomic variations with DNA segments greater than 1 KB. 
These may be quantitative (insertions/duplications/deletions), 
or can be orientation (inversions) or positional (translocations) 
or non-homogeneous recombination as described in the later 
sections. Copy Number Polymorphism (CNP) refers to CNV 
occurring in more than 1 % of the population. 
  The paper has been divided into five sections. The 
following section explains types of mutations and CNV in 
depth. The Section III illustrates the importance of estimating 
CNV variation rate and loci information; while subsequent 
ones highlight CNV in special reference to genetic diseases 
and evolution trends. The Section VI presents a detailed view 
of the most frequently employed algorithms to calculate CNV 
locus and frequency along with their associated strengths and 
weaknesses. The last section gives a conclusion into the 

different parameters involved in the choice of these algorithms 
along with the performance of the chosen few.  
  

II. TYPES OF VARIATIONS 

According to Database of Genomic Variants 
[http://projects.tcag.ca/variation/], 3213,401 base pairs 
(0.11%) of the genomic variation is from SNPs while 
40,568,593 bp variations (1.35%) are from CNV.  
 

 

  
         Figure 1 

Thus it is clear that average of variations of CNV are about 
3-4 times that of SNPs, thus clearly highlighting the 
importance of studying CNV variations [Iafrate et al., 2004 Sebat 
et al., 2004][6].  
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Mutations are mostly classified as per the following table: 
Type of 
mutation 

Definition Example 

Missense Codon and hence amino acid 
is altered 

Sickle Cell 
Anemia 
A => T at the 
17th nucleotide 

Nonsense Translation prematurely 
stopped 

CAG => TAG 
in cystic 
fibrosis 

Silent  No change in product - 
Splice-site Alteration in enzymatic 

machinery controlling 
removal of intron 

- 

        Table 1 
 The above table clarifies the information for SNPs while 
CNVs have a similar classification as discussed below. The 
alteration of CNV especially duplications are restricted to a 
small area of proximity referred to as the CNV locus and CNV 
region for multiplex arrangements respectively. The CNVs 
mostly exhibit (i) insertion, (ii) deletion, (iii) duplication either 
in proximity, homozygous allele or entirely new gene.  

About a quarter of these CNVs are flanked by or associated 
with segmental duplications (SD). SDs are duplicated blocks 
of genomic DNA typically ranging in size from 1–200 kb, 
often containing sequence features such as high-copy repeats 
and gene sequences with intron-exon structure. Over the past 
decade a large number of both intra- and interchromosomal 
segmental duplications have been observed.  

Insertion and deletion are obvious from their names while 
duplication can result in one of the sister chromatid to have an 
extra section while the other one to have it deleted. An 
illustration for the case of aldosterone steroid has been 
indicated below: 

 

          Figure 2 

Due to the presence of extra promoter at 5’ end, this gene can 
be expressed more strongly leading to high blood pressure and 
increased probability of death from stroke. On the other hand, 
translocations are between different homologous chromosome 
as in the case of Burkitt’s lymphoma. 

III.  CNV FREQUENCY AND                                                       

LOCUS ESTIMATION ALGORITHM 

Discussing the rate of mutations independent of classifications 
between CNV and SNP, it can be approximated as: 
 
 

Total Number of Mutations 
Mutation Rate =     ---------------------------------------------- 
         (# Exp) * (#BP) * avg(#Gens)  
  
 
        ,where,   #    = Number Of 
            Gens = Generations 
            BP  = Base Pairs 
            Exp  = Experiments 
 
This formula yields to a rough estimate of 2.1 x 10-8 mutations 
[7] per base pair per generation for Homo sapiens, around    
10-8 mutations per base pair per generation for Drosophila 
melanogaster and 7x10-9 mutations per base pair per 
generation for Arabidopsis thaliana (green plant). 
 

CNV Frequency: 

Estimating the CNV frequency is important for 
comprehending the linkage between variants and the 
phenotypes: asthma, cancer, diabetes and other diseases. Many 
studies employing computational methods report that, overall, 
the frequencies of most CNVs are likely to be low [e.g. 95% of 
CNVs reported by Pinto et al. (2007) have frequencies 
of<2%]. Unlike the mutation frequency estimation, where each 
mutation is considered independent Poisson distribution, the 
CNV case is handled differently.  

The accuracy of CNV boundaries derived from SNP arrays 
is influenced by multiple factors such as the robustness of the 
statistical method, batch effects, population stratification and 
differences between experiments. The following parts discuss 
the common approaches employed for locus and frequency 
estimation. 

 

IV. CNV AS AN EVOLUTIONARY TOOL 

Copy Number Variations can draft a relation between 
genes of different species; while closely related species have 
lesser CNV differences, the widely separated ones have 
more CNV differences. Thus, based on CNV statistic 
matching, evolutionary relations can be derived as 
illustrated in Figure 3 

Human and chimpanzee CNVs [30] occur in orthologous 
genomic regions far more often than expected by chance 
and are strongly associated with the presence of highly 
homologous intrachromosomal segmental duplications. 
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.  
Figure 3 

 
By adapting population genetic analyses for use with 

copy number data, one can identify functional categories of 
genes that evolved under purifying or positive selection for 
copy number change. 

V. CNV: THE SECRET KEY TO                             

UNDERSTANDING GENETIC DISEASES 

   The major reason for researching on CNV arises from the 
interest in understanding the root cause of genetic diseases.  
Whole genome approaches have changed the shift from 
“phenotype first” to “genotype first”. Each of the CNV 
duplications, deletions, non-homogeneous recombinations  
have been found to be related to genetic diseases, especially by 
frequency matching. Segmental duplications mediate diseases 
owing to more recurrent rearrangements arising from 
duplicated segments. The following table [2] and figure [4] 
illustrates the same. 

 
Figure 4 [28] 

 
The unbalanced translocations role has been investigates for 
germline CNVs (Stranger et al., 2007)  and in colon cancer 
(Camps et al., 2008) and on expression of miRNAs (Zhang et 
al., 2006). Balanced chromosome rearrangements 
(translocations, inversions) lead to formation of oncogenic 
[25] fusion genes (Mitelman et al., 2007) and have been 

reported in leukemia, lymphoma and carcinomas related to 
prostate and lung cancer (Heim and Mitelman, 2008). While 
reference [26] discusses how del(17)p11.2 leads to Smith-
Magensis syndrome; reference [27] discusses mental 
retardations caused by three interstitial overlapping 17q21.31 
microdeletions. 
 
Locus Del 

Or 
dup 

Coordin
ates 
(Build 
36)  
and size 
of  
critical 
region 

Associated 
Phenotypes 

Possi 
ble 
 Cand 
idate 
 genes 

3q29 Del 
 
 
Dup 
 

197.4-
198.9 

moderate MR, 
microcephaly, mild 
dysmorphic features 
Duplication: mild to 
moderate MR 

PAK2, 
DLG3 

10q22–
q23 

del Chr10: 
81.12– 
89.07 

Mb 7.95 
Mb 

deletion carriers have 
cognitive and 
behavioral 
abnormalities 
learning disabilities, 
speech and language 
delay, mild 
developmental delays 

NRG3 
GRID1 
BMPR1
ASNCG
GLUD1 

15q13.
3 

Del 
 
 
 
 
dup 

Chr15: 
28.7–
30.2 Mb 
1.5 Mb 

Del: mild to severe 
MR, mild 

dysmorphism, digital 
abnormalities, autism; 
schizophrenia; IGE 

Dup: mild to 
moderate delays, has 
not been reported in 
schizophrenia or IGE 

CHRNA
7 

1q21.1 Del 
 
 
 
 
 
 
 
 
Dup 
 

chr1: 
145.0–
146.35 
1.35 Mb 

Del: variable 
phenotypes mild to 

severe MR, 
microcephaly, 

occasional congenital 
heart disease; 

enrichment of the 
deletion in 

schizophrenia 
Dup: macrocephaly, 

mild to moderate 
delays, autistic 

features; unlike the 
deletion, has not been 
seen in schizophrenia 

GJA5, 
GJA8, 
HYDIN
2 

1q21.1 del chr1: 
144.10–
144.60 
Mb 500 
kb 

TAR syndrome: 
hypomegakaryocytic 
thrombocytopenia, 
upper extremity 
abnormalities ranging 
from bilateral absent 

PIAS3, 
Lix1L 
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radii to phocomelia; 
normal intellect 

15q24 del Chr15: 
72.2–
73.8 Mb 
1.8 Mb 

Mild to moderate 
MR, high anterior 
hairline, 
downslanting PF, 
long philtrum, digital 
abnormalities, genital 
abnormalities, loose 
connective tissue 

MAN2C
1, 
CYP11
A1, 
STRA6 

16p13.
11 

Del 
 
 
 

dup 
 

chr16:15.
4–16.4 

Mb 
 

1Mb 

Deletion: MR, 
autism, brain 
abnormalities 

Duplication: autism, 
MR; decreased 

penetrance 

NDE1, 
NTAN 

                                      Table 2 [24] 
 [Genomic hotspot rearrangements and their associated phenotype] 

VI.  CNV LOCUS AND FREQUENCY                                 

DETECTION TECHNIQUES 

The most commonly used algorithms and techniques have 
been discussed in this section along with a detailed perspective 
of their merits and demerits. 
 

A) METHOD I:Graph Theory 
Each of the markers are considered as vertexes in the graph 
theory with their connecting sequences as the edges [3].  
 
 

 
              Figure 5 
 
Each marker is assumed to be a likely breakpoint and Poisson 
process applied to the number of breakpoints summed over all 
individuals in a sample, with the hypothesis of breakpoints 
being randomly distributed.  

 
 

where λ=B/M, B is the total number of breakpoints, M is the 
total number of markers and k is the observed number of 

breakpoints at the marker under consideration. This gives the 
frequency estimate of the CNV region with further analysis for 
estimating the probability of a locus having CNV at its 
location. Let c1,…,clbe the log2 ratio values at the markers 
within the CNV, of length l, and x1,…,xN be the log2 ratio 
values at the markers within a segment of length N, adjacent 
and to the left of the CNV. 

 
Under the null hypothesis of equal means, t2 follows an F-
distribution with (1,N+l−2) degrees of freedom.  For each 
individual, the individual is considered as  CNV segment if : 

 

(1) 

 

(2) 

 

(3) 

 
Merits:  This graphical technique is an innovative two step 
process that gives a really close estimate for majority of cases. 
The two stages ensure the stringency need in the first step and 
the loose cases to be covered in the second stage. 
 
Demerits: Though a new and innovative technique, the 
graphical approach has some faulty assumptions : 

• For common CNVs (with frequencies > 1%), this 
method yields lower values owing to the stringent 
criteria in Step 1. 

• False positives are common owing to the difficulty in 
detecting true CNVs with lower signal to noise ratio. 

• This method does not work very well for non-
homologous recombination. 

 
B)  METHOD II: Bayesian Model for Probes 

Reference [1] proposes a dynamic algorithm with Bayesian 
mathematics to analyze genomic data from multiple sources 
like oligonucleotide array, bacterial artificial chromosome 
array and array CGH to minimize noise per probe and severity 
of chromosomal aberrations. The algorithm employs priorless 
maximum posteriori estimator and dynamic programming 
implementation to facilitate discovery of genes and important 
markers, especially for inherited genetic diseases. 
 Gaussian distribution with mean µr and standard deviation 
σr is assumed for both deviated probes and regular probes (not 
affected by cancer related chromosomal aberrations) with 
probability pr. The mutations are modelled as a Poisson 
process with parameter pbN, where Nis the length of the 
genome (i.e., total number of probes). The probes along the 
genome are subdivided into k non overlapping intervals. 
Probes belonging to a particular interval are assumed to have a 
similar evolutionary history of duplication and deletion events, 
and therefore have similar copy-number distributions.  
The algorithm has two phases: the first a Poisson distribution 
to model the number of intervals with Poisson parameter pbN. 
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The second component is a sequence of Bernoulli trials, one 
for each probe with probability pr that a given probe is regular. 
Combining these factors, the prior distribution becomes 

 

 

where #regular is the number of regular probes with the 
“regular” copy-number distribution and #deviated is the 
number of remaining probes in the interval structure IN. The 
probabilities can be combined by taking the product of 
Gaussians: 

 

2 

where the ith probe is covered by the jth interval of the interval 
structure IN and µj is the mean of the corresponding Gaussian 
distribution. Dynamic programming minimizes the negative 
posterior log likelihood function and helps in extending the 
interval from  I = i1, µ1,..., ik, µk , to I′ = i1, µ1,..., ik+1, µk+1 , 
where ik+1 > ik  as illustrated below: 

 

Merits:  This highly precise mathematical technique has few 
advantages over common approaches. 

• Unlike the existent global threshold approaches, this 
algorithm is not affected by the presence of noise and 
correlations. 

• Unlike the HMM (Hidden Markov Model), the 
algorithm is not dependent on the exclusive dataset. 
HMM are sensitive to topology and need normalized 
dataset. 

 
Demerits: Though this algorithm overcomes the weakness of 
the existing techniques, this technique is highly computation 
intensive and is not straightforward. Every step and prediction 
needs lot of calculations that cannot be hand waived easily, 
thus increasing the complexity of the algorithm. 
 

C) METHOD III: Bayesian CPCM 
Bayesian Analysis can be combined with the knowledge of 
position of biomarkers and scan statistics as explained in 
Reference [2] to detect the positions of CNV. Modelling 
independent Poisson process for the distance between 
biomarkers, the model follows the steps mentioned below to 
implement the (Bayesian approach to compound Poisson 
change-point model): 

1. For a chromosome having potentially just one 
aberration region, equations discussed in paper for 

posterior probability and locus identification 
can be used. 

2. For multiple aberration regions on a chromosome or 
genome, J sliding windows with sizes from 12 to 
35 are chosen such that each window contains 
exactly one aberration. If  w1,w2,...,wJ, denotes the 
J windows,  ∑i=1

Jwi equals the total number of 
observations on the chromosome. 

3. The  number of subintervals j with lengths t j and 
the number of biomarkers, mi, in each subinterval 
are estimated 

4. The posterior probabilities for each length is 
calculated and the locus identified for posterior 
probabilities greater than 0.5. 

5. The identified change positions  are converted to 

the actual biomarker position , 

where  as the position on the chromosome at 
which the CNV has changed. 

6. Steps 3-5 are repeated for varying values of j till 
convergence is achieved. 

 
Merits:  The Bayesian approach has the following distinct 
advantages: 

• It uses both the biomarker positions (distances) and log 
intensity ratios in its prediction . 

• It characterizes the posterior probability of the loci 
being a CNV which in turns facilitates easy judgment 
as to if a CNV exists at a locus by using the posterior 
probability together with their biological knowledge. 
 

Demerits: The window size is not optimally chosen and 
loosely based on the assumption of eventual convergence. This 
leads to extraneous computations and probability of false 
predictions. 
 

D) METHOD IV: SW ARRAY 
This method [9] adapts a new approach towards optimizing 
array CGH analyses using Smith Waterman algorithm to 
identify genomic regions with CNV spanning multiple probes. 
SW is applicable based on the visualization of intensity log 
ratios along the genome as one-dimensional series of 
continuously distributed scores. Contiguous sequences of 
predominantly high values in this series may indicate 
polysomic regions. Conversely, sequences of predominantly 
low values may indicate deletions, and can be found by 
changing the sign of the data.The method proceeds as follows: 

1. Threshold value t0 is subtracted from the log ratios, 
ensuring that the mean of the adjusted scores X(p) 
is negative.  

2. The score of a segment of consecutive probes is the 
sum of the corresponding adjusted log ratios.  
The  score of the segment from p to q inclusive is 
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3. High-scoring ‘islands’ are identified using the 

Smith–Waterman algorithm. A locally high-
scoring segment or island is defined to be a 
positive-scoring segment whose score cannot be 
increased by shrinking or expanding the segment 
boundaries. Let  S(p) be the score of the island 
ending at coordinate p, and B(p) to be the 
coordinate of the beginning of the island. Let S(0) 
= 0, and for p > 0; from SW algorithm 

 

 

 

 

4. The boundaries {B(pmax), pmax} and score S(pmax) of 
the overall maximum-scoring island are output by 
the algorithm. 

5.  In order to identify all islands, the segment 
corresponding to the maximum-scoring island is 
replaced by a sequence of zeroes and the 
algorithm repeated until no positive-scoring 
islands are detected. 

 
 
Merits:  This algorithm is another unique way of dynamic 
programming for detecting CNV locus: 

• The approach is unique in offering both a 
nonparametric segmentation procedure and a 
nonparametric test of significance. 

• It is scalable and well-suited to high resolution whole 
genome array CGH studies that use array probes 
derived from large insert clones as well as PCR 
products and oligonucleotides. 

• The computational method makes no distributional 
assumptions about the data to identify putative copy-
number changes and determines their statistical 
significance. 

• Adopting SW approach helps in reducing false 
positives, false negatives complications by 
polymorphisms/benign variants. 
 

Demerits: Though an innovative approach, the algorithm 
suffers from the following weaknesses: 

• Negative-scoring loci can occur inside an island, thus 
allowing for occasional false positive or negative 
signals  

• The level of resolution depends on the sequence length 
and spatial density of the arrayed probes. But, 
increased resolution leads to increased likelihood of 
identifying imbalances that are due to very small 
regions representing phenotypically benign variants 
or polymorphisms. 

 
E)      METHOD V: Maximum Likelihood Estimation 

Short Tandem Repeats (STRs) are repetitive stretches of 
DNA made of short sequence motifs (2–6 bp), are very 
common in eukaryotic genomes, and are highly mutable, with 
changes in repeat count occurring with much higher mutation 
rates compared to other polymorphisms thus  leading to allelic 
polymorphism This method [15] adapts a new approach of 
assigning binary values to the Poisson parameters.  
Let t(T) be the total time of all branches of the phylogenetic 
tree T, then, the number of mutations on this tree in STR i in 
total time t(T) is distributed Poisson(λit(T)). If 
 T1,…,TK represent the K Hg terminal subtrees of T, whose 
total time length of all the branches, t1,…, tk and inner 
structure are not known. Thus, mik, the number of mutations 
of STR i, in Hg k, is distributed Poisson(λitk). The mik's from 
the internal structure are not observed and hence can’t be 
directly counted and hence it is tough to formulate the total 
log-likelihood of the data and estimate the parameters, using 
Poisson regression, through the usual ML framework, instead 
the state (number of subunit repeats) of STR i in all samples 
(leaves) of Hg k is observed. 

 
Figure 6 

(A) The full phylogenetic tree, including the internal Hg 
phylogenies, which we assume we do not observe. (B) 

Schematic of the Hg view of a phylogenetic tree. 
 
Instead of observing  the Poisson mutation counts mik: 

 

 

The binary variables are observed, which are distributed 
as bik ∼ Bernoulli(exp(−λitk)). If two different states indicate 
that at least one mutation occurred, three different states 
indicate the presence of at least two mutations, etc. The 
number of mutation events of STR i in Hg k, mik ∼ 
Poisson(λitk), hence the probabilities in each case is: 

 

 

Let yik be the observed number of states of STR i in Hg k. The 
log-likelihood of the data y is formulated as: 
 

 
Merits:  This algorithm is an innovative way to employ 
simplistic procedure for calculating STR and hence extend it 
to CNV.The rate estimates depend only on polymorphisms 
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observed, which in turn depend on the total branch lengths of 
each Hg subtree, rather than on a specific internal structure. 
This approach is expected to do well in the presence of a 
detailed Hg phylogeny, even with relatively small sample. 
 
Demerits: The technique is limited by its assumption on the Y-
STR mutation process and the symmetric nature of mutation 
count. The probability of change in the repeat count for each 
STR has been considered to be fixed, independent of the 
nature of change and current repeat count. This is unrealistic 
on the account of lacking stationary distribution of repeat 
counts. Hence, this leads to unrealistic STR lengths of infinity 
or zero. 
 

F)   METHOD VI: HMM QUANTI-SNP 
 QuantiSNP [17] approaches with probabilistic quantification 
of state classifications and improvement of the accuracy of 
segmental aneuploidy identification and mapping. Objective 
Bayes measure is employed to fix the parameters involved in 
calibrating the model to fixed false positive error rate using re-
sampling and feedback. 
The priori probability that some genetic event (state change) 
occurs between adjacent SNP loci a distance d apart is 
modelled as: 

 

1 

where L is a characteristic length which could either be 
inferred directly from the data, or adjusted to calibrate the 
model to a given false positive rate.  

Hid 
den 

state, 
 z 

Copy 
number, 

 c(z) 

Number  
of 

genotypes,  
K(z) 

Description 

1 0 0 Full deletion 

2 1 1 Single copy 
deletion 

3 2 3 Normal 
(heterozygote) 

4 2 2 Normal 
(homozygote) 

5 3 4 Single copy 
duplication 

6 4 5 Double copy 
duplication 

                                 Table 3 
[Hidden States, Copy Numbers and Biological Interpretations] 
 
The transition matrix of hidden states between adjacent 
SNPs i, j is given by: 
 

 
 
where h is the rate of heterozygosity which we set as 1/3 
and Ns is the number of hidden states. The emission 
probabilities are modelled from Gaussian basics integrated 
into uniform distributions: 

 

Dirichlet prior is used for B allele frequency mixture weights. 
The parameters are trained for minimum false positive error 
using Viterbi algorithm and Expectation Maximization (EM) 
objective learning. The Viterbi algorithm applies Bayes Factor 
BF for each aberration in SNP region I to j with copy number 
k as shown: 

 

Merits:  This objective learning algorithm  has the following 
advantages: 

• Bayes Factor is the probabilistic measure of the 
presence if CNV in a SNP region. 

• This is one of the highest statistically accurate 
algorithms with very low false positives owing to 
extensive training. 

•  This is among the first applications of OB-HMM to 
high-throughput genomic datasets and can be easily 
extended to shared CNV 

 
Demerits: Though this algorithm has high accuracy rate and is 
very reliable, the main problem is the extensive time involved 
in training the parameters using objective learning. The 
algorithm has to be trained until the parameters to the 
convergence value. 
 

G) METHOD VII: CNV Finder 
The CNV Finder [18] is a variance based automatic CNV 
detector.  This is based on two hypothesis on the ratio 
variances of the array experiments. The first assumption is that 
most of the observations are normally distributed around a log2 
ratio of zero, which is the normal diploid copy number in test 
and control genomes. The second one is based on the variation 
in CNV ratio values which fall outside the central distribution. 
The final calling algorithm allows restricted extension of called 
regions with ratios greater than thrice standard deviation and 
permits the incorporation of single, non-consecutive uncalled 
clones within the region 
 

brutlag
Sticky Note
HMMs are basically a dynamic programming method too, just using a more complicated state model instead of a serial arrangement of values.



 8

 
Figure 7 [CNV Finder Algorithm] 

  
Merits:  This algorithm  has the following merits: 

•  CNV Finder has very low false positive error rate, 
lesser than 5% in most cases. 

• Compared to SW, it has a very high sensitivity and 
accuracy rate 

 
Demerits: Due to varying repeat content, sequence 
homologies, and experimental variation, some clones under-
respond to a specific copy number change and may fail to be 
called in higher SD experiments, thus fragmenting the CNV 
despite the final iteration effects. 
 

H) METHOD VIII: PennCNV 
PennCNV [19] is an integrated HMM for CNV detection using 
Illumina high-density SNP genotyping with integration from 
multiple source ranging from total signal intensity and allelic 
intensity ratio at each SNP markers, intermarker distances, 
frequency of SNP and distance between adjacent SNPs.  
  PennCNV incorporates several components together into a 
hidden Markov model (HMM), including the LRR (log R 
ration) , the BAF (B allele frequency), the distance between 
neighboring SNPs, and the population frequency of the B 
allele as demonstrated in the flowchart of figure [8]. The 
distance between neighboring SNPs determines the probability 
of having a copy number state change between them. Also, the 
family genetic information is integrated to yield better 
sensitivity with respect to CNV identifications. 
 Most of the mathematical formulas to calculate emission 
probabilities of LRR and BAF and posterior probability 
coincide with that of the HMM explained previously except for 
the difference in parameter training by Baum-Welch algorithm 
[20] instead of Viterbi. 
 
Merits:  The technique employs Illumina Infinium platform 
which has the following merits benefitting high resolution 
CNV detection: 

• The assay combines specific hybridization of genomic 
data to array of probes, thus resulting in higher SNR. 

 

 
Figure 8 

[Flowchart depicting algorithm of PennCNV] 
 

• The assay does not need amplification for PCR and 
hence, differential amplification of genomic region 
result in lesser discrepancies. 

• The algorithm has added advantage of distinguishing 
fine scaled CNVs of median size approximately 
12kb, smaller than other experiments by an order of 
magnitude and thus achieves higher resolution. 

 
Demerits: This algorithm has the regular defects associated 
with that of HMM along with the added ones as listed below: 

• The HMM portion requires lot of investment to train the 
parameters. 

• Accuracy is decreased due to the usage of linkage 
disequilibrium information which results in loss of 
small CNVs spaced far apart; and also due to the 
decreased accuracy of clustering file 

• The paper employs database that lacks coverage on 
heterochromatin areas and centromeric regions. 

• Due to algorithm used and Hardy-Weinberg equilibrium 
principle employed in calculations, SNPs with 
common CNVs are under-represented 
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VII.  PARAMETERS OF EVALUATION AND PERFORMANCES 

        The popular CNV detection and frequency estimation 
algorithms have been discussed in detail in the preceding 
section. This section is dedicated to wrapping up the 
evaluation parameters involved in the choice of the right 
algorithm for a particular application. Furthermore, the section 
also compares the relative performances of the algorithms 
discussed earlier with statistics emerging from different 
publications, generalized onto a common platform.  
  
   This paper is dedicated to comparative analyses of different 
available algorithms. This is impossible without characterizing 
the standards on the basis of which the algorithms should be 
compared. Below are listed a few parameters which are to be 
kept in mind while choosing the algorithm for any application.  
 
� Optimal parameter setting and assumption on the inputs. 

This is an important parameter as while training 
parameters and applying theory, some specific 
assumptions are made about the distribution of CNV, their 
inter-distances. These might be unrealistic leading to poor 
performance of algorithms in real experiments. Based on 
the hypothesis that calls to same genomic region represent 
false positives in most cases, hence a new parameter 
normalized singleton ratio (NSR) is defined. 

 
Where pu is the proportion of unique CNV found in only 
one sample to µCS, the average number of CNV SNPs 
called per sample. The lower the value, the better the 
technique. 

� Sensitivity, specificity, false positive rates and ROC curve: 
Both false negatives and false positives are destructive in 
the results as they might lead to false associations of 
genetic diseases with specific CNVs. The residual for 
ROC curve is calculated using the following formula, 
where larger values are considered optimal [16]: 

            

 
� Accuracy and prediction rate in terms of correct 

prediction of boundaries across different CNV sizes: it is 
important for the algorithm to detect CNVs across 
different chromosomal regions independent of 
heterozygosity and distribution in physical domain. 

� Resolution rate: again the CNVs detected should be 
independent of the sizing as scientists may want to isolate 
different CNVs for different diseases and distinguish 
among multi gene spanning CNV 

� Resources Investment: Time and cost is an effective 
factor as the algorithm must be practically 
implementable. Ones which take lot of time to train 
parameters might have a negative bias. 

 

 
The weighted combination of these parameters helps in 
deciding the suitability of a particular technique to the given 
situation. Keeping these parameters in mind and choosing 
some of the representatives of the techniques discussed above, 
the remaining part of the section presents their comparison 
based on acquired and generalized statistics. From the 
statistics acquired, Quanti SNP seems to be among the best 
performers in most parameters and a safe choice for 
estimating CNV locus and frequency. Graphs are shown 
below: 
 

 
Figure 9 

 
Quanti SNP has the best ROC statistics indicating very low 
false positives, on the other hand Graph theory exhibits poor 
ROC residue on account of false predictions. 
 

 
Figure 10 

 
The exact statistics was not available for all techniques on 
the same scale. But, among the given data, these three 
represent the more accurate version. While, Bayes based 
algorithm also leads to higher accuracy, the Graph theory 
compromise on accuracy for more simplistic procedure.  

brutlag
Sticky Note
You don't mention where they get the gold standard annotated CNVs for these studies??
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VIII.  FUTURE WORK 

As discussed in the earlier section, many other interesting 
algorithms exists that can be compared on improved 
parameters by equalizing the sample and generating uniform 
experiments. Also, the role of these algorithms in predicting 
phylogenic relationships and probability of clinical diseases is 
an interesting application for further research.  
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