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Abstract—Copy Number Variants are a new parameter to
measure the rate of mutations that in turn are respnsible for
pathological effects and susceptibility to diseaseFhis paper is an
introduction to the different techniques to estimaé CNV location
and frequency computationally and comparison of the

performances. Furthermore, the paper highlights thetype of
mutations and elaborates on the importance of CNV stimation.

Also, the effect on known diseases and the impactf €NV

variations on evolution has been investigated.

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

. INTRODUCTION

OPY NUMBER VARIANTS (CNV) refer to insertions,

deletions and other structural variants in genaiseces
of size greater than 1KBCopy number variants (CNVSs)
underlie many aspects of human phenotypic diveraitg
provide the raw material for gene duplication aedefamily
expansionWith increasing interest in understanding
phenotype of individuals from their genetic buiktructural
variation has become a prominent factor. Smalleratians
with respect to allele are referred as SNP varatiand have
been studied in detail. But, over the years, researhave
found that affected individuals have variationst thgan over
wider sequences and hence the rise of structurantaerm.
Structural variant is the umbrella term comprisédlbsorts of
genomic variations with DNA segments greater thaKBL
These may be quantitative (insertions/duplicatideletions),
or can be orientation (inversions) or positionedrgslocations)
or non-homogeneous recombination as describedeirlatier
sections. Copy Number Polymorphism (CNP) refer€iv
occurring in more than 1 % of the population.

The paper has been divided into five sectionse Tt
following section explains types of mutations anti\Cin
depth. The Section IlI illustrates the importané¢eestimating
CNV variation rate and loci information; while selosient

and evolution trends. The Section VI presents ailget view

of the most frequently employed algorithms to citeiCNV  etal., 2004][6].

locus and frequency along with their associateengths and
weaknesses. The last section gives a conclusiom tim

According
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Il. TYPES OF VARIATIONS

to Database of
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Genomic

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

Variants

base pairs

(0.11%) of the genomic variation is from SNPs while
40,568,593 bp variations (1.35%) are from CNV.
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Thus it is clear that average of variations of Cal¢ about
ones highlight CNV in special reference to geneligeases 3-4 times that of SNPs, thus clearly highlighting t
importance of studying CNV variatiofafrate et al., 2004Sebat
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Mutations are mostly classified as per the follgyiable:

Type of Definition Example
mutation
Missense Codon and hence amino aciglickle Cell
is altered Anemia
A =>T atthe
17" nucleotid:
Nonsense | Translation prematurely | CAG => TAG
stopped 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 SNMsile
CNVs have a similar classification as discussewwelThe
alteration of CNV especially duplications are reestd to a
small area of proximity referred to as the CNV leeand CNV
region for multiplex arrangements respectively. TONVs
mostly exhibit (i) insertion, (ii) deletion, (iidluplication either
in proximity, homozygous allele or entirely new gen

About a quarter of these CNVs are flanked by oocissed
with segmental duplications (SD). SDs are dupliddtéocks
of genomic DNA typically ranging in size from 1-20®,
often containing sequence features such as high-capeats
and gene sequences with intron-exon structure. @wepast
decade a large number of both intra- and intercosmmal
segmental duplications have been observed.

Insertion and deletion are obvious from their nanvbde
duplication can result in one of the sister chradhtd have an
extra section while the other one to have it deletAn
illustration for the case of aldosterone steroics Hzeen
indicated below:

o | Aldosterone synthage

T 4= Chromatid 1

1 Uniequal crossover

Chrormatid 2 == 5| Aldosteroni synthase

J, Geee cuplication
Compound gene
Figure 2

Due to the presence of extra promoter at 5’ erid,glne can
be expressed more strongly leading to high bloedsure and
increased probability of death from stroke. On dkiger hand,
translocations are between different homologousrobsome
as in the case of Burkitt’s lymphoma.

I1l.  CNV FREQUENCYAND
LOCUSESTIMATION ALGORITHM

Discussing the rate of mutations independent afsifigations
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 ¥ butations
[7] per base pair per generation for Homo sapiemeund
10® mutations per base pair per generation for Dro$mph
melanogaster and 7xfonutations per base pair per
generation for Arabidopsis thaliana (green plant).

CNV Frequency:

Estimating the CNV frequency is important
comprehending the linkage between variants and
phenotypes: asthma, cancer, diabetes and othesdseMany
studies employing computational methods report, thxatrall,
the frequencies of most CNVs are likely to be levg[ 95% of
CNVs reported by Pintet al. (2007 have frequencies
of<2%]. Unlike the mutation frequency estimatiorere each
mutation is considered independent Poisson distoibuthe
CNV case is handled differently.

The accuracy of CNV boundaries derived from SNRyaxr
is influenced by multiple factors such as the robhess of the
statistical method, batch effects, population gication and
differences between experiments. The following pdiscuss
the common approaches employed for locus and fregue
estimation.

for
the

IV. CNV AsAN EVOLUTIONARY ToOL

Copy Number Variations can draft a relation between
genes of different species; while closely relateectes have
lesser CNV differences, the widely separated orege h
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 byaha
and are strongly associated with the presence gfflyhi
homologous intrachromosomal segmental duplications.



NAHR in meiosis

T

copy number variation

chimpanzee

segmental duplication
.

reported in leukemia, lymphoma and carcinomased|td
prostate and lung cancer (Heim and Mitelman, 2008)ile
reference [26] discusses how del(17)pl1.2 leadsnith-
Magensis syndrome; reference [27] discusses mental
retardations caused by three interstitial overlagi7g21.31

microdeletions.

o Locus | Del | Coordin | Associated Possi
e et Or | ates Phenotypes ble
—_——— dup | (Build Cand
copy number variation 36) idate
o and size genes
1 1 1 1 Of
9 6 3 0 critical
Million years ago region
Figure 3 3029 Del | 197.4- moderate MR, PAK2,
198.9 microcephaly, mild | DLG3
By adapting population genetic analyses for usen wit dysmorphic features
copy number data, one can identify functional catieg of Dup Duplication: mild to
genes that evolved under purifying or positive ctida for moderate MR
copy number change. 10g22—| del Chr10: | deletion carriers have NRG3
g23 81.12— | cognitive and GRID1
V. CNV: THE SECRETKEY TO E] 89.07 | behavioral BMPR1
UNDERSTANDING GENETIC DISEAS Mb 7.95 | abnormalities ASNCG
The major reason for researching on CNV arigas the Mb learning disabilities, | GLUD1
interest in understanding the root cause of genigizases. speech and language
Whole genome approaches have changed the shift from delay, mild
“ohenotype first” to “genotype first”. Each of t@NV developmental delays
duplications, deletions, non-homogeneous recormibingit 15q13. | Del | Chrl5: Del: mild to severe | CHRNA
have been found to be related to genetic diseaspecially by | 3 28.7— MR, mild 7
frequency matching. Segmental duplications mediateases 30.2Mb | dysmorphism, digital
owing to more recurrent rearrangements arising from 1.5Mb | abnormalities, autism;
duplicated segments. The following table [2] amplife [4] schizophrenia; IGE
illustrates the same. dup dDUpi n:j"dl to A
Trat Rearrangement fype  Disance befveen repes (K6) - Repat gt (o) r:gt s;ztr? re(:)sztz’d iib
(Color lndess DEL (0 000 schizophrenia or IGE
o Thilsem DHL 3Tordd 40 1921.1 | Del | chrl: Del: variable GJAS5,
Cuovt e ey i iy il 145.0- | phenotypes mild to | GJA8,
Co 146.35 severe MR, HYDIN
Debnsoqmntsmsnmtyl . DEL 93 2800 1.35 Mb microcephaly, 5
Huotr micopolyscchandoss I ] 0 occasional congenital
Chueocorticoi-emediable aldoseronsm - DUP 5 1000 heart disease;
Honoptln W i i enrichment of the
, deletion in
CMTIATHNPP DURDEL 150 Al schizophrenia
Wilkams syndrome DEL ~ 10 300 mild to moderate
Snith-Magenis sndromeldop(17fp11)  DELDUP ~ 50 > 1000 delays, autistic
Aereations: DET, dektion; DUP, fplaion: TNV, mvesin, dfeat_ures, unlike the
. eletion, has not been
Figure 4 [28] seen in schizophrenia
The unbalanced translocations role has been igetes for 1g21.1 | del 122“10 :]—AR syndrome: . P.IASS’
. . .10- ypomegakaryocytic | Lix1L
germline CNVs (Stranger et al., 2007) and in caancer 144.60 thrombocytopeni
. . . penia,
(Camps et al., 2008) and on expression of mMiRNA=Gg et .
al., 2006). Balanced chromosome rearrangements Mb 500 | upper extremity
" : kb abnormalities ranging

(translocations, inversions) lead to formation n€a@genic
[25] fusion genes (Mitelman et al., 2007) and hiagen

from bilateral absent
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radii to phocomelia;
normal intellec
15924 | del | Chrl5: | Mild to moderate MAN2C
72.2— MR, high anterior 1,
73.8 Mb | hairline, CYP11
1.8 Mb downslanting PF, Al,
long philtrum, digital | STRA6
abnormalities, genital
abnormalities, loose
connective tisst
16p13. | Del | chrl6:15. Deletion: MR, NDEL1,
11 4-16.4 autism, brain NTAN
Mb abnormalities
Duplication: autism,
dup 1Mb MR; decreased
penetrance

Table 2 [2

[Genomic hotspot rearrangements ;nd their assogaebtype

VI. CNV LOCUSAND FREQUENCY

DETECTION TECHNIQUES
The most commonly used algorithms and techniques ha
been discussed in this section along with a detgierspective
of their merits and demerits.
A)METHOD I|:Graph Theory

Each of the markers are considered as vertexeseirgitaph
theory with their connecting sequences as the €@jes

rs2379%7

@ rsB056602
@ rs171125

é) rs7186710

@:57]9'5505
@ 7198955

57205016

Figure 5
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Each marker is assumed to be a likely breakpoidtRwmisson
process applied to the number of breakpoints sunoued all
individuals in a sample, with the hypothesis of aimoints
being randomly distributed.

Pi#breakpoints at marker m1 = k)= ZF_Q'L'.,."I!
i=k

whereA=B/M, B is the total number of breakpoinhg,is the
total number of markers ards the observed number of

breakpoints at the marker under consideration. giviss the
frequency estimate of the CNV region with furthealysis for
estimating the probability of a locus having CNMtat
location. Letc,,...,cbe the logratio values at the markers
within the CNV, of lengtH, andx,...,xy be the logratio
values at the markers within a segment of lefjthdjacent
and to the left of the CNV. )
3l o (F=2)

v (Zi =8+ L (e —2)’)
Under the null hypothesis of equal meahollows anF-
distribution with (1N+1-2) degrees of freedontor each
individual, the individual is considered as CN\gsent if :

‘-Tlcfl - F.’ ' {I.Il:gl'll: —) = 0

(60

5 0.05
P-value r=(left) = —— 2
(left) tindividuals @

4 0.05
P-value r~(right) = ——— 3
& g < e dividuals ®

Merits: This graphical technique is an innovative two step
process that gives a really close estimate for ritgjof cases.
The two stages ensure the stringency need inrtestep and
the loose cases to be covered in the second stage.

D@rits Though a new and innovative technique, the
graphical approach has some faulty assumptions :
e 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 difficity
detecting true CNVs with lower signal to noiseaati
» This method does not work very well for non-
homologous recombination.

B) METHOD I1: Bayesian Model for Probes

Reference [1] proposes a dynamic algorithm with eé&égn
mathematics to analyze genomic data from multiplerces
like oligonucleotide array, bacterial artificial rdmosome
array and array CGH to minimize noise per probe serity
of chromosomal aberrations. The algorithm emplaysriess
maximum posteriori estimator and dynamic prograngmin
implementation to facilitate discovery of genes @amgortant
markers, especially for inherited genetic diseases.

Gaussian distribution with mean and standard deviation
o, is assumed for both deviated probes and reguldregr{not
affected by cancer related chromosomal aberratiavi)
probabilityp,, The mutations are modelled as a Poisson
process with parametpgN, whereNis the length of the
genome (i.e., total number of probes). The probesgathe
genome are subdivided inkanon overlapping intervals.
Probes belonging to a particular interval are agslta have a
similar evolutionary history of duplication and ei&bn events,
and therefore have similar copy-number distribigion
The algorithm has two phases: the first a Poisssinilelition
to model the number of intervals with Poisson paxiamp,N.
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posterior probability and loct ¥ identification
can be used.
2. For multiple aberration regions on a chromosome or
[pr)k _ genome, J sliding windows with siz_es from 12 t_o
P‘-"UN} — e NN #?‘f-‘ﬁﬂﬂr‘tl _pr}#dfﬂﬂifd 35 are chosen such that each window contains
k! r exactly one aberration. Ifv;,w,,...W;, denotes the
J windows, Yi-;’w; equals the total number of

The second component is a sequence of Bernowlstrone
for each probe with probability; that a given probe is regular.
Combining these factors, the prior distribution drees

where #egular is the number of regular probes with the observations on the chromosome.

“regular” copy-number distribution and déviated is the 3.The number of subintervef“';.with lengthst#; and
number of remaining probes in the interval struetlyy The the number of biomarkersy, in each subinterval
probabilities can be combined by taking the prodo€t are estimated

Gaussians: 4.The posterior probabilities for each length is

calculated and the locus identified for posterior

n
. 2 probabilities greater than 0.5.
Pr(x|In) = 1—[1(;5[3"””3’5 ) 2 5.The identified change positiol ¥ are convertedo
= i
. . L . . Se= E ti
where thdth probe is covered by tlhh interval of the interval the actual biomarker positic i=1 7,
structure |, andy, is the mean of the corresponding Gaussian whereST' as the position on the chromosome at
distribution. Dynamic programming minimizes the atdge which the CNV has changed.

posterior log likelihood function and helps in exdeng the
interval from | =4y, pa,.o it tieh 101 =8ia, tayeenr ke, Hiesh
wherei; > i as illustrated below:

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

Merits: The Bayesian approach has the following distinct

—l()g,L[f) = —logL(I) + # j'zl-l-l(li - ,ukﬂ)z advantages:

_ It uses both the biomarker positions (distanced)lag
; E(:g[p[,f‘.r] -I:Jﬂ'g(fﬁ T 1] intensity ratios in its prediction .
+2E "% log(2m0?) — (141 — 1) « It characterizes the posterior probability of theil

being a CNV which in turns facilitates easy judgimen
as to if a CNV exists at a locus by using the paste
probability together with their biological knowleglg

*[IkErfg u.!arl()gpr + ]IkEdevif.tedlUg(l - pr]]

Merits: This highly precise mathematical technique has few

advantaggs over common approaches. ) Demerits: The window size is not optimally chosen and
* Unlike the existent global threshold approachets thloosely based on the assumption of eventual coewery This

algorithm is not affected by the presence of nasé o545 to extraneous computations and probabilifgleé
correlations. predictions.

e Unlike the HMM (Hidden Markov Model), the
algorithm is not dependent on the exclusive dataset D) METHOD IV: SV ARRAY

HMM are sensitive to topology and need normalizegis method [9] adapts a new approach towards @itign
dataset. array CGH analyses using Smith Waterman algoritiim t

. ) ) identify genomic regions with CNV spanning multipiebes.
Demerits: Though this algorithm overcomes the weakness of gy is applicable based on the visualization ofrisity log

the existing techniques, this technique is higlosnputation ratios along the genome as one-dimensional series o
intensive and is not straightforward. Every steg prediction continuously distributed scores. Contiguous seqeenof
needs lot of calculations that cannot be hand vibéassily, predominantly high values in this series may intica
thus increasing the complexity of the algorithm. polysomic regions. Conversely, sequences of preutamty
low values may indicate deletions, and can be fobyd

'C) METHOD III: Bayesian CPCM changing the sign of the data.The method proceséisllaws:
Bayesian Analysis can be combined with the knovdedg 1. Threshold valuéy, is subtracted from the log ratios,
position of biomarkers and scan statistics as @xgdh in ensuring that the mean of the adjusted scK(ps
Reference [2] to detect the positions of CNV. Mdidgl is negative.

independent Poisson process for the distance betwee 2.The score of a segment of consecutive probes is the
biomarkers, the model follows the steps mentionelbvo to sum of the corresponding adjusted log ratios.

implement the (Bayesian approach to compound Poisso The score of the segment frgnto q inclusive is
change-point model): .
1.For a chromosome having potentially just one )
aberration region, equations discussed in paper for T(p,q) = ZX (i) -

=p



Short Tandem Repeats (STRs) are repetitive stretolie
3. High-scoring ‘islands’ are identified using theDNA made of short sequence motifs (2—6 bp), arey ver
Smith—Waterman algorithm. A locally high- common in eukaryotic genomes, and are highly matabith
scoring segment or island is defined to be ahanges in repeat count occurring with much highetation
positive-scoring segment whose score cannot lvates compared to other polymorphisms thus leaidiralelic
increased by shrinking or expanding the segmepblymorphismThis method [15] adapts a new approach of
boundaries. LetSp) be the score of the island assigning binary values to the Poisson parameters.
ending at coordinate, andB(p) to be the Lett(T) be the total time of all branches of theylpgenetic
coordinate of the beginning of the island. B8) tree T, then, the number of mutations on this ine8TR i in
=0, and fop > 0; from SW algorithm total timet(T) is distributed Poissoi(T)). If
T1,...,TK represent the K Hg terminal subtrees ofvhose
Sp—1)+ X (p)ifS(p— 1) + X (p) total time length of all the branches, t1,..., tk aither
S (P] = { 0 otherwise structure are not known. Thus, mik, the number afations
) of STR i, in Hg k, is distributed Poissaitk). The mik's from

. the internal structure are not observed and hercgt be
B [IJ) — {B[p — 1)ifS [}J >0 directly counted and hence it is tough to formultte total
P otherwise. log-likelihood of the data and estimate the paramsetusing

Poisson regression, through the usual ML framewmidtead

4.The boundaries B(Pmay, Pmad and scoreS(pmad Of  the state (number of subunit repeats) of STR ilis@mples
the overall maximum-scoring island are output by|eayes) Of Hg k is observed.

the algorithm. e ,.__
g ' | ._ |

5. In order to identify all islands, the segment
Flgure6

corresponding to the maximum-scoring island is
replaced by a sequence of zeroes and the
algorithm repeated untii no positive-scoring
(A) The full phylogenetic tree, including the intelriiy
phylogenies, which we assume we do not obseB)e. (
Schematic of the Hg view of a phylogenetic tree.

"

islands are detected.

Merits: This algorithm is another unique way of dynamic
programming for detecting CNV locus:
« The approach is wunique in offering both
nonparametric segmentation procedure and h;z{ I IF ey =0
nonparametric test of significance. * O If mgy =0
* |t is scalable and well-suited to high resolutiohole . . . o
genome array CGH studies that use array probé@e binary var!ables are observeq, which are ,um
derived from large insert clones as well as PC shi, ~ Bernoulh(exp(—kitk)_). If two different statgs indicate
products and oligonucleotides. that at least one mutation occurred, three differstates
* The computational method makes no dlstrlbutlondpd'cate the presence of at least two mutations, he
assumptions about the data to identify putatlveycop mber of mutation events of STRHgG k my~
number changes and determines their statisticgp'sson"tk)’hence the probabilities in each case is:

Instead of observing the Poisson mutation coomts
a

significance. P =0)=exp(—=hif )
e Adopting SW approach helps in reducing false {mre=0i=1I—exp(—aiit}

positives, false negatives complicationsoy  Fimng = 11=1—exp(—aity }—Aideexp (—Aiie )
polymorphisms/benign varia@ :

1]
Demerits: Though an innovative approach, the algorithm Pimyg =n)=1=" (3 Yexp (=i )/
suffers from the following weaknesses: =4

* Negative-scoring loci can occur inside an islahdst | ety be the observed number of states of $TRHg k. The
allowing for occasional false positive or negative log-likelihood of the data y is formulated as:

signals
» The level of resolution depends on the sequenaghen ”-""}"”:Z[[‘r*“'ﬂ et Lozl Pl = 0))
and spatial density of the arrayed probes. But, ik
increased resolution leads to increased likelihobd &
identifying imbalances that are due to very small _1_2; (it = Dyiy ORGP > f— 1]
regions representing phenotypically benign variants =t
or polymorphisms. Merits: This algorithm is an innovative way to employ

_ o o simplistic procedure for calculating STR and heegeend it
E) METHOD V: Maximum Likelihood Estimation to CNV.The rate estimates depend only on polymorphisms
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observed, which in turn depend on the total brdenlgths of
each Hg subtree, rather than on a specific intestralcture.
This approach is expected to do well in the preseoica
detailed Hg phylogeny, even with relatively smalirgple.

Demerits: The technique is limited by its assumption onYYhe
STR mutation process and the symmetric nature dation

count. The probability of change in the repeat ¢daneach
STR has been considered to be fixed, independerthef
nature of change and current repeat count. Thisisalistic

on the account of lacking stationary distributioh repeat
counts. Hence, this leads to unrealistic STR lengfhinfinity

or zero.

F) METHOD VI: HMM QUANTI-SNP
QuantiSNP [17] approaches with probabilistic qufamttion
of state classifications and improvement of theusacy of
segmental aneuploidy identification and mappingjeCtive
Bayes measure is employed to fix the parametermsviad in
calibrating the model to fixed false positive errate using re-
sampling and feedback.

Thepriori probability that some genetic event (state change)

occurs between adjacent SNP loci a distahapart is

modelled as:
e
3T, 1

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

1

Hid Number
Copy
den of _
number, Description
state, @ genotypes,
z K(2)
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
duplicatior
6 4 5 Double copy
duplication
Table 3

[Hidden States, Copy Numbers and Biological Intetgtions]

The transition matrix of hidden states betweencedja
SNPsi, j is given by:

p/(Ns=1), i#]

| - p, i=J,j#1{3.4)
Wl-p), i=jj=3

whereh is the rate of heterozygosity which we set as 1/3
andNgis the number of hidden states. The emission

probabilities are modelled from Gaussian basicegimted
into uniform distributions:

p(riz,0) = m/2Rpax + (1 = :'TJ'}G(".: .‘lr'.:w“‘r.:)

P =jla=1)=

Dirichlet prior is used for B allele frequency mir¢ weights.
The parameters are trained for minimum false pa@siérror
using Viterbi algorithm and Expectation Maximizati¢EM)

objective learning. The Viterbi algorithm applieay®s Factor
BF for each aberration in SNP region | to j wittpgawumber
k as shown:

p(r.blz;.; = k)

BF =
>k P(r.blzs))

Merits: This objective learning algorithm has the follogin
advantages:

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

e 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 CN@

Demerits. Though this algorithm has high accuracy rate iand
very reliable, the main problem is the extensiveetinvolved
in training the parameters using objective learnifithe
algorithm has to be trained until the parameterstie
convergence value.

G) METHOD VII: CNV Finder

The CNV Finder [18] is a variance based automatitVC
detector. This is based on two hypothesis on thio r
variances of the array experiments. The first apsiom is that
most of the observations are normally distributesliad a log
ratio of zero, which is the normal diploid copy rhgn in test
and control genomes. The second one is based ormtiztion
in CNV ratio values which fall outside the centdidtribution.
The final calling algorithm allows restricted exsgn of called
regions with ratios greater than thrice standardatien and
permits the incorporation of single, non-conseautimcalled
clones within the region
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Figure 7 [CNV Finder Algonthm]

Merits:  This algorithm has the following merits:
e 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 clameter-
respond to a specific copy number change and nilatp flae
called in higher SD experiments, thus fragmentirg@NV
despite the final iteration effects.

H) METHOD VIII: PennCNV

PennCNV [19] is an integrated HMM for CNV detectiosing
lllumina high-density SNP genotyping with integoati from
multiple source ranging from total signal intensityd allelic
intensity ratio at each SNP markers, intermarkestadices,
frequency of SNP and distance between adjacent SNPs
PennCNV incorporates several components togettiera
hidden Markov model (HMM), including the LRR (log R
ration) , the BAF (B allele frequency), the distarfsetween
neighboring SNPs, and the population frequency haf B
allele as demonstrated in the flowchart of figuB}. [The
distance between neighboring SNPs determines titsapility
of having a copy number state change between tAtn, the
family genetic information is integrated to vyieldetter
sensitivity with respect to CNV identifications.

Most of the mathematical formulas to calculate ssioin
probabilities of LRR and BAF and posterior probil
coincide with that of the HMM explained previouglycept for
the difference in parameter training by Baum-Wedtdorithm
[20] instead of Viterbi.

Merits: The technique employs lllumina Infinium platform
which has the following merits benefitting high okgion
CNV detection:
» The assay combines specific hybridization of gewom
data to array of probes, thus resulting in higHéRS

Raw data collection
derive R and 0 values |

Reference clustering file

Calculate log R Ratio (LRR)
and B Allele Frequency (BAF)

l

T Population
SNP genome | Tralned HMM
LRRvalues | BAFwvalues | frequency ;
|7 ‘ of Bajeles | CoOdnates | model fie
Viterbi algorithm

Analyze most likely
state-transition path

CNV calls from
family members

CNV calls L_ — 7
B e

ff_..--f’EachCN\.r;-'“*m__h
S Boundary

@scordance'? <
ves/

Family-based CNV
boundary mapping
by Viterhi algorithm
Figure 8
[Flowchart depicting algorithm of PennCNV]

NO
“a
Family-based
CNV validation by
Bayesian approach

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

e 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 tistelow:

e The HMM portion requires lot of investment to traire
parameters.

e 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.

e Due to algorithm used and Hardy-Weinberg equilitoriu
principle employed in calculations, SNPs with
common CNVs are under-represented



VIl. PARAMETERS OFEVALUATION AND PERFORMANCES The weighted combination of these parameters héips
deciding the suitability of a particular technicuethe given
situation. Keeping these parameters in mind andogihg
some of the representatives of the techniques siecliabove,

the remaining part of the section presents themparison
based on acquired and generalized statistics. Ftioen
statistics acquired, Quanti SNP seems to be anmtoadést
performers in most parameters and a safe choice for
estimating CNV locus and frequency. Graphs are show

The popular CNV detection and frequencyinegion
algorithms have been discussed in detail in thequiag
section. This section is dedicated to wrapping U t
evaluation parameters involved in the choice of thght
algorithm for a particular application. Furthermattee section
also compares the relative performances of theritthgas
discussed earlier with statistics emerging fromfedént
publications, generalized onto a common platform.

below: @
This paper is dedicated to comparative analgesfferent

available algorithms. This is impossible withoutidcterizing | 08

the standards on the basis of which the algoritehmuld be

compared. Below are listed a few parameters whieht@ be 7

kept in mind while choosing the algorithm for armppécation. 06 4

% Optimal parameter setting and assumption on thetsnp 05 B Grapn Theory
This is an important parameter as while trainin BSW Array
parameters and applying theory, some specif 04 7 {SNP
assumptions are made about the distribution of CiN&fr 23 Quart
inter-distances. These might be unrealistic leattngoor BNV Hinder
performance of algorithms in real experiments. Base | 0.2 - 1 Penn CNY
the hypothesis that calls to same genomic regipresent
false positives in most cases, hence a new parame ! -
normalized singleton ratio (NSF;) is defined. 0

NSR = Q ROC residual
Pu-l.'h'-

Wherep, is the proportion of unique CNV found in only Figure 9
one sample to uCS, the average number of CNV SNPs
called per sample. The lower the value, the béfteer Quanti SNP has the best ROC statistics indicatiny Vow
technique. false positives, on the other hand Graph theorybéshpoor

 Sensitivity, specificity, false positive rates &R@C curve: ROC residue on account of false predictions.
Both false negatives and false positives are desteuin

the results as they might lead to false associstioh

genetic diseases with specific CNVs. The residual f

ROC curve is calculated using the following formulal

where larger values are considered optimal [16]: 70 —

60

V2(sensitivity — (1 — specificity)) 0 -
5 .

a0

30

80 ——

—  mQuantiSNP

——  ECNVFinder

30 ——— Penn CNV

% Accuracy and prediction rate in terms of correct 70 1
prediction of boundaries across different CNV sizes 10
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 Figure 10
independent of the sizing as scientists may wargdiate
different CNVs for different diseases and distisui The exact statistics was not available for all teghes on
among multi gene spanning CNV the same scale. But, among the given data, these th

< Resources Investment: Time and cost is an effectiveepresent the more accurate version. While, Bayesed

factor as the algorithm must be practically @lgorithm also leads to higher accuracy, the Gréygory
implementable. Ones which take lot of time to traincOmpromise on accuracy for more simplistic procedur
parameters might have a negative bias.

Accuracy



brutlag
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You don't mention where they get the gold standard annotated CNVs for these studies??


VIIl. FUTURE WORK [12]
As discussed in the earlier section, many othegrésting
algorithms exists that can be compared on improved
parameters by equalizing the sample and generatiifgrm ~ [13]
experiments. Also, the role of these algorithmspiadicting
phylogenic relationships and probability of clifichseases is
an interesting application for further research.
[14]
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