Mahmud and Schliep BMC Bioinformatics 2011, 12:428
http://www.biomedcentral.com/1471-2105/12/428

BMC
Bioinformatics

METHODOLOGY ARTICLE Open Access

Fast MCMC Sampling for Hidden Markov Models
to Determine Copy Number Variations

Md Pavel Mahmud'™ and Alexander Schliep’*

Abstract

Background: Hidden Markov Models (HMM) are often used for analyzing Comparative Genomic Hybridization

(CGH) data to identify chromosomal aberrations or copy number variations by segmenting observation sequences.
For efficiency reasons the parameters of a HMM are often estimated with maximum likelihood and a segmentation
is obtained with the Viterbi algorithm. This introduces considerable uncertainty in the segmentation, which can be
avoided with Bayesian approaches integrating out parameters using Markov Chain Monte Carlo (MCMC) sampling.

generation sequencing amplify these problems.

the MCMC sampling.

with the state-of-the art Bayesian approaches.

from http//ghmm.org.

While the advantages of Bayesian approaches have been clearly demonstrated, the likelihood based approaches
are still preferred in practice for their lower running times; datasets coming from high-density arrays and next

Results: We propose an approximate sampling technique, inspired by compression of discrete sequences in HMM
computations and by kd-trees to leverage spatial relations between data points in typical data sets, to speed up

Conclusions: We test our approximate sampling method on simulated and biological ArrayCGH datasets and high-
density SNP arrays, and demonstrate a speed-up of 10 to 60 respectively 90 while achieving competitive results

Availability: An implementation of our method will be made available as part of the open source GHMM library

Background
The Sirens’ call of Bayesian methods is that we can do
without the parameters of models and, instead, compute
probabilities of interest directly, indicating for example
how likely a biological fact is given our data. The price one
pays for that convenience is on one hand the conundrum
of which prior distributions to choose and how to set their
hyper-parameters; the frequent use of uniform priors is
evidence that this is indeed non-trivial. On the other hand,
unless the choice of likelihood and prior yields simple pos-
teriors which we can integrate symbolically, we have to
resort to sampling for example with Markov Chain Monte
Carlo (MCMC) [1].

In the following we will concentrate on HMMs, stochas-
tic functions of Markov Chains, which have not only been
used extensively for discrete sequences—pairwise-sequence
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alignments with pair-HMMs [2], gene finding with labeled
HMMs [3], and detecting remote homologs using profile
HMMs [4]-but also for continuous-valued observations,
such as gene expression time-courses [5]. Continuous
observation sequences from either DNA microarrays or
next generation sequencing experiments, note that the
proportion of mapped reads in an interval is frequently
used as a continuous measure of copy number, to detect
chromosomal aberrations or copy number variations lead
to the same fundamental computational problem and
share characteristics of the data. The goal is to segment an
observation sequence into regions in which there is little
variation around a common mean. In other words, the
assumption is that the data can be approximately
described by piece-wise constant functions. Indeed, if
hybridization intensity was an exact, un-biased measure-
ment of DNA concentration before amplification, the
sequence of hybridization intensities of probes along a
chromosome would yield a piece-wise constant function
in ArrayCGH experiments. This assumption holds true for
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a mixture of different cell populations because a finite sum
of piece-wise constant functions is again a piece-wise con-
stant function.

A wide range of methods for copy number detection in
ArrayCGH data have been developed in recent years,
including change-point detection based methods [6,7],
smoothing based methods [8,9], and hierarchical cluster-
ing [10]. Here, we concentrate on HMM-based approaches
which have been proposed for segmenting sequences of
continuous-valued observations and shown to match or
improve upon the state-of-the-art [11-13]. Once a model
is trained from the data, either using maximum likelihood
(ML) or maximum a posteriori (MAP), the segmentation
is given by the most likely state sequence obtained with
the Viterbi algorithm [14]. The segmentation, however, is
highly dependent on the model parameters. A small
change in the computed parameter values can adversely
affect the recovered segmentation. A full Bayesian
approach alleviates this dependence by integrating out the
model parameters. As analytic integration of a complex
high dimensional model is impossible for most distribu-
tions, the Bayesian approach requires the use of numerical
integration techniques like MCMC [15], for example by
direct Gibbs sampling [16] of model parameters and state
paths. Scott [17] reports that combining the forward-back-
ward recursions [18] and Gibbs sampling improves the
converge rate and consequently the running time. Never-
theless, MCMC remains substantially slower than training
one model and running Viterbi once and the loss in relia-
bility introduced by relying on one ML or MAP model is
ignored in practice. For discrete emissions, compressing
sequences and computing forward and backward variables
and Viterbi paths on the compressed sequences yields
impressive speed-ups [19]. However, discretization of con-
tinuous emissions, similar to vector quantization used in
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speech recognition [18], is not viable as the separation
between the different classes of observations is low since
the observations are one-dimensional. Moreover, maximal
compression is to be expected for small number of dis-
crete symbols and clearly compression ratio conflicts with
fidelity in the analysis.

For a different task, arguments about spatial relations
between groups of multi-variate data points were used to
achieve considerable speed-up. Moore and colleagues
used modified kd-trees, a data structure to efficiently exe-
cute spatial queries such as determining the nearest
neighbor of a given point, to accelerate k-means [20].
The fundamental insight is illustrated in Figure 1 (left).
In the reassignment step of k-means one has to find the
nearest centroid for every data point. Due to the kd-tree,
there are groups of points contained in a node of the tree
for which this decision about the nearest centroid can be
made simultaneously by a geometrical argument about
the vertices of the hyperrectangle defined by this node. A
similar kd-tree based approach was used in speech recog-
nition [21,22] to quickly find the most important compo-
nents in a mixture of large number of Gaussians and
thus approximate the full observation density in one indi-
vidual HMM state with multi-variate emissions.

At the core of our approach is a similar geometrical
argument about several uni-variate data points based on
a modified kd-tree. We adaptively identify blocks of
observations, cf. Figure 1 (middle). For all observations
in a block we now estimate, at least conceptually, the
most likely state simultaneously depending on the
means of the Gaussians in each state to gain a consider-
able speed-up proportional to the average block length.
Similarly, we can avoid sampling states for each indivi-
dual observation in a block if we can bound the poster-
ior. Considerable care has to be taken for combining

p o

St

boundaries are displayed dashed.

Figure 1 Fundamental insight. When reassigning two-dimensional data points to cluster centroids ¢ and d in k-means clustering (left) the
hyperrectangles obtained from kd-trees reduce the computational effort by making an argument about all points in an hyperrectangle based on
their vertices; consider for example the rightmost hyperrectangle. For sequences (middle) there is no overlap in y-direction and decisions about
the most likely state can be made per block considering the means of the Gaussians of a three-state HMM (right), u., u- and u,. Note that at
every given block only a decision between the two states with closest mean is necessary, if one assume comparable variances. Decision
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blocks and to bound the errors introduced by the
approximations based on geometric arguments.
In summary, we

« propose the first use of spatial index structures for
several consecutive observations and approximate
computations based on geometric arguments to sub-
stantially speed-up the problem of segmenting
sequences of continuous observations using HMM,

» demonstrate that very frequently used biological
datasets of high relevance measuring chromosomal
aberration and copy number variations are consis-
tent with our assumptions of piece-wise constant
observations with added noise, and

+ achieve speed-ups between 10 and 90 on those
biological datasets while maintaining competitive
performance compared to the state-of-the-art.

Methods

HMM

We only consider HMMs with Gaussian emission distri-
butions; see Figure 1 (right) for an example and [18] for
an introduction. We will use the following notation: N
denotes the number of states, S = {sy, $5, ..., s} the set of
states, T the length of an observation sequence O = {0y,

02, ..., o7} with 0, € R, A = {a;;}1<;<n the transition
matrix, 7 = (711, 1My, ..., ) the initial distribution over
states, B = {(11,07) ..., (un,0F)} with py < ... < pyare

parameters of the emission distributions, and Q = {g1, g2,
.., q7} the hidden state sequences with g, € S. From an
observation sequence O we can obtain a maximum likeli-
hood point estimate of the parameters (A, B, n) using the
Expectation-Maximization (EM) or Baum-Welch [23]
algorithm and compute the most likely path using the
Viterbi algorithm [14].

MCMC Sampling

Bayesian analysis requires choosing prior distributions
on parameters and we use standard conjugate prior dis-
tributions following [1]. Specifically, we choose
wi ~ N(fii, 6;), 072 ~ Gammal(a;, b;), A ~ Dirichlet(A’), and
n ~ Dirichlet(\™), where f;, &, a;, b;, A% and A" are
the hyperparameters of the model.

It is only possible in some trivial cases to compute
posterior distribution in closed form using analytic inte-
gration. In most applications, specially for high dimen-
sional distributions, Monte Carlo integration techniques,
like MCMC sampling by Gibbs sampling or Metropolis-
Hastings, are easier to compute and generally produce
more accurate results than numerical integration [15].
Scott [17] compares various MCMC approaches and
strongly argues in favor of forward-backward Gibbs
sampling (FBG-sampling), which has been successfully
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used by others [24,25], for it’s excellent convergence
characteristics. We briefly summarize FBG-sampling for
an HMM A = (A, B, m); see [17,26] for details:

1. Choose initial parameters 6° = (A°, B°, n°)

2. Perform the following steps for iteration 0 < m <M.
(a) Compute forward variables P(q, = i, Oy, .,
[]0") for 1 < t < T iteratively using the forward
algorithm [18] for all i.

(b) Sample 4T ~ P(qr, O|0™).
(c) Sample the state sequence Q" in a backward
fashion for 7' >t > 1.

;" ~ P(q;"1431. O, 0™)
o' P(q;", Oq,..., t|9m)aq;n,q;'+xl .

(d) Sample,

9™+ ~PriorDistribution (H,0,Q™,0™)
[H = Set of hyperparameters].

Despite its fast convergence, FBG-sampling takes O
(MTN?) time for M iterations. For long observation
sequences with millions of observations, as they are
common in biological applications, realistic values for M
and N make FGB-sampling intractable. In the next sec-
tion we discuss how FBG-sampling can be approximated
to improve the running time to O(yMTN?), where v is
the compression ratio of the observation sequence,
while maintaining good statistical properties. We refer
to our sampling technique as approximate sampling.

Approximate sampling

Through application of a modified kd-tree algorithm
(details below), we compress the observation sequence
, 07, cf. Figure 1 (middle),
and store precomputed first moment, second moment,
and the number of observations compressed into block
o, for all i < T”. In subsequent MCMC iterations we

O = oy, .., orinto O =0),...

assume that observations compressed in a block o, arise
from the same underlying state. In other words we
ignore the contribution of the state paths that do not go
through the same state for o,. By ignoring those state
paths, we refer to them as weak state paths, when com-
puting forward-variables and by reusing pre-computed
statistics we are able to accelerate sampling.

At first ignoring weak state paths may sound like a very
crude approximation for computing forward variables. But
in many applications this is certainly not true. We demon-
strate with a symmetric Gaussian HMM that the weak
state path assumption is a fairly realistic approximation
and leads to faster sampling. We define a symmetric
HMM X = (A, B, 1) with N states sy, ..., Sn, Where we set
self-transition probability a;; = ¢t and non-self-transition
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1—t¢
probability a;; = N—1 for1<i=j<N,and B = {(43, ),

. (i, 0°)}. Given a sequence of observations O (assumed

to be generated by A) and its compressed form O’ we

describe an important lemma and some remarks below.
Lemma 1. Let 9 '=on 0000 =00 0mnm1,0, = O, O = Aoy, d = min |y — i

P(gilO™! , .
Lzl < «. Assuming there exists a state
P(q1 = stO’ )

(o Moy + s Hse + K
Sx s.t. T=min (0 min ] ’ >

P(dir -+ isn-1,0'10")

- O/max) = 0, we

<a((Ler)" (N = 1)eN (147,

b
(- isn-1)ES"
can show that 0= = s =5,01071)

— 1
and e

where r = C=e 207

Proof. See Appendix.

Remark 1 For realistic values of 7, £, and 7, the contribu-
tion from ignored weak state paths, which we call €, can be
very small. If ¢ < 1, ignoring weak state paths will not
introduce large errors in the computation. For the 2-state
example in Section: Results, where t = 0.9, d = 1, and o=

1
0.1, € is at most 3 for a block length 7 < 10 if we assume

7> 0.25 and « = 1. If 7 is much larger and consequently
C2ﬁn is much smaller, we can roughly say that # can be as
large as 1 + logy, (1 + €) in a symmetric Gaussian HMM.
Remark 2 We often encounter situations where P(g; =
5,|O"") > P(q; = 5,|O""). Even though it is not exploited
in the lemma (o being greater than or equal to 1), as a
consequence of this, the observation sequence can be
compressed into larger blocks keeping e small in practice.
From the above lemma and the remarks we see that
the longer blocks created by an algorithm should con-
centrate around the means of the Gaussian distributions.
While a brute force algorithm looks at local information,
a kd-tree like algorithm alternately looks at both dimen-
sions and utilizes global information like the density of
data points (around the means data concentration
should be high) to create better quality blocks. We use a
modified kd-tree based algorithm to find such blocks
and discuss the details below.
kd-tree Based Sequence Compression
Given a starting width parameter w we create a list of
nodes from the observation sequence O = o0y, ..., o1
using the following steps.

1. Let O’ = ¢ be the starting list, 6 = 1.25 (picked
empirically), level L = 1, and dimension d = 1.

w
2. If |r0ri1€a5((o,») — rorilea(%((o,»)l <spor |O| = 1, create a

node storing the first and second moment of the
observations in O, append it to O’, and then go to
the end step. Otherwise, go to the next step.
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3.If d = 1, find o,,, the median value of the observa-
tions in O. Partition O into maximal set of consecutive
observations O', .., O, .., O such that ¥,ci0 < 0,, or
¥oe0i0 > 0m. For each O, go to step 2 with new input
set O, level L + 1,and d = 0.

4.1If d = 0, divide the input set O into two parts O =
01, .., 0; and O" = 0|0/ such that

loi = 0ina| = mjax|oj = 0js1l, Then for each set O’
and O", go to step 2 keeping the level value L

unchanged, and setting d = 1.
5. End step.

Oit1s +o0r

In the above recursive algorithm, w states the initial
width, ¢ controls the rate of width shrinking in successive
levels of the iterations, and O’ accumulates the com-
pressed blocks of observations. The current iteration
level L, the current dimension d, and the current input
set O are local variables in the recursive algorithm.
Notice that we start with an empty list O’ and at the end
of the recursive procedure O’ contains an ordered list of
compressed observations. To gain further compression of
the sequence, we sequentially go through the blocks of O’
and combine consecutive blocks if the distance between
their means is less than w. We also combine three conse-
cutive blocks if the outer blocks satisfy this condition and
the inner block has only one observation. In step 3 of the
above algorithm, the input set is divided into two subsets
and each subset contains half of the elements from the
original set. Consequently, the height of the recursion
tree is at most 2logT and the running time of the above
algorithm is O(T log T). This overhead is negligible com-
pared to the time that it takes to run M iterations of
MCMC sampling.

Width Parameter Selection
For increasing values of w the average block size

increases exponentially in the above kd-tree based com-
v
pression. As a result, the compression ratio y = T

plotted as a function of w, has a knee which can inform
the choice of w. Moreover, methods originally developed
to find the optimal numbers of clusters in clustering can
be used to find the knee of such a curve automatically.
In particular, we use the L-method [27] which finds the
knee as the intersection of two straight lines fitted to
the compression curve.

Fast Approximate Sampling

Given the compressed input sequence O’ = 07,05, ...
computing forward variables and subsequent sampling is
a straightforward modification of the uncompressed
case. In particular we make the following two changes
to the FBG-sampling algorithm.

, 0
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t
1. Modified forward variables at positions t, = Y |0}
i=1
are computed using the following formula,

P(qe. =i, 0y,_416)
= Z P(qi -y =i O},_i-110)aji
1<j=N

lojl-1
ai" " T Plolpi o).

’
0, €0;

constant time computation
using precomputed statistics

2. After sampling the state sequence, parameters are
updated ignoring non-self transitions between conse-
cutive observations in o;.

Clearly, each iteration of approximate sampling takes

O(T” N?) resulting in % times speed up.

Results

We evaluate FBG-sampling and approximate sampling
in three different settings. First, its effectiveness is veri-
fied for a simple two state model. Then, we test on
simulated ArrayCGH data which is the accepted stan-
dard for method evaluation [28]. Finally, we report find-
ings from an analysis of Mantle Cell Lymphoma (MCL)
cell lines [29], Corriel cell lines [30], GBM datasets [31],
and high resolution SNP arrays [13,32]. For biological
data, if multiple chromosomes are present, we use pool-
ing [25] across chromosomes, which does not allow
transition between different chromosomes but assumes
model parameters to be identical across chromosomes.
Throughout this section we define o), to be the standard
deviation of all observations in the dataset. We com-
press the dataset with increasing values of w = 0.250p,
0.50p, 0.750p, .... For evaluation we consider the experi-
ments as two class problems: aberrant clones belong to
the positive class and normal clones belong to the nega-
tive class. When ground truth labels of a dataset are
available we report F1-measure, recall, and precision for
the experiment. With ¢p, fp, tn, fn we denote the num-
ber of true and false positives and true and false nega-

1y
tives respectively. Recall is defined as ———, precision
t+fn

2 x recall x precision

as , and Fl-measure as

p

t+fp recall + precision
Experiments were run with a Python implementation on
a Linux machine with 1.6 GHz Intel Core 2 Duo proces-
sor and 2 GB memory. For Expectation Maximization
(EM), we use the Baum-Welch algorithm from the
GHMM package which is implemented in C and consid-
erably faster than a Python implementation.
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Synthetic Data
2-State HMM
We define a HMM X,sr = (A, B,
1

A=1[0.9,0.1],[0.1,0.9]], B = [(0,0.1), (1,0.1)], 7 = B 5]. From A5 we

sample an observation sequence O = 0y, ..., 019,000, and
run MCMC for M = 100 steps with hyperparameter
values fi1.2=0,1 for the prior mean on 4,
612 = 0.5,0.5 for the prior variance on y, a5 = 4, 4
for the shape of Gamma prior on 672, by, = 1, 1 for the
rate of Gamma prior on 02, 0" = 1, 1 for the Dirichlet

) with

prior on the initial distribution 7, and 8'14:"2 =1, 1 for the
Dirichlet prior on row i of transition matrix A.

After M iterations, we compare the posterior prob-
abilities P(q; = i]O,0M.) and P(q, =i|O,6}!), where
oM. and O} are M-th parameter samples of FBG-
sampling and approximate sampling. Figure 2 shows
that the posterior probability of being in state 1 for
each position can be approximated fairly well even for
large values of w. The average posterior error

-1 , .
P= =53 2IP(a = ilo™, 0) — P(qq = 10", O))|

reflects the same fact in Table 1. Similarly, we com-
pute the Viterbi paths and report total number of mis-
matches between them along with the likelihoods in
Table 1.

Simulation from Genetic Template

We use 500 simulated datasets published in [28]. Each
dataset has 20 chromosomes and 100 clones per chro-
mosome for a total of 2,000 clones per dataset. A four-
state HMM predicts the aberrant regions—loss defined
as state S; and gain defined as state S3 or S,. The neu-
tral region is modeled as state S,. We put an ordering
constraint on the means, y; <gy <3 <4, to prevent
label switching of the states [17]. Hyperparameter
choices follow [25] and are [t1.4 = —0.5,0,0.58,1 for
the prior mean on g, 614 = 0.5,0.001,1.0,1.0 for the
prior variance on g, a4 = 10,100, 5, 5 for the shape of
gamma prior on 6%, and b4 = 8% = 8{\:"4 =1,1,1,1 for
the rate of gamma prior on 62, the Dirichlet prior on
initial distribution 5z, and the Dirichlet prior on row i of
transition matrix A, respectively.

Table 2 shows the mean and standard deviation of F1-
measure, recall, and precision over the 500 datasets for
FBG-sampling, approximate sampling, and Expectation
Maximization (EM) with the ground truth provided by
[28]. Even for this collection of relatively small datasets
we see a 10-fold speed up. For each dataset we run FBG
and approximate sampling for M = 100 steps (we have
visually monitored the parameters and noticed conver-
gence within 50 steps, see Figure 3 for a representative
example). The last 10 samples are used to compute 10
samples of the posteriors for each state and for each
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Figure 2 Simulated data: approximate posterior. We show the posterior probability of state 1 (y-axis) for first fifty observations (x-axis) with
w = 0.50p (top left), 1.00p (top right), 150, (bottom left), and 2.06, (bottom right). The true posterior is shown as a solid line, the approximate
posterior as a dashed line, and their absolute difference is shown in dashed vertical lines.

15 20 25 30 35 40 45 50
t

0 5 10

position in the observation sequence. Subsequently,
aberrant regions are predicted based on the average of
those distributions. We report the speed-up of approxi-
mate vs. FBG sampling based on the time it takes to
compress the sequence and run M steps of MCMC. For
one individual dataset EM requires 58 seconds on aver-
age, which allows for a total of 800-1000 repetitions
from randomized points sampled from the prior distri-
butions in the time needed for FBG sampling. Each run
continues until the likelihood converges and the best
model based on likelihood is selected. Aberrant regions
are predicted and compared against the ground truth
based on the Viterbi path. We report the mean and
standard deviation of F1-measure, recall, and precision
over the results of EM on 500 datasets.

Biological Data

Mantle Cell Lymphoma (MCL)

De Leeuw and colleagues identified recurrent variations
across cell lines using ArrayCGH data of MCL cell lines
[29]. Out of the eight cell lines [29] HBL-2 was fully
annotated with marked gain and loss regions in the
autosomes. This dataset contains about 30,000 data
points (combining all the autosomes). We have used a
four-state HMM for predicting aberrant regions. State 1
represents copy number loss, state 2 represents normal
copy number, state 3 represents single copy gain, and
state 4 multiple gain. For HBL-2 we report the F1-mea-
sure, recall, precision and speed-up. Similar to the syn-
thetic case we put an ordering constraint on the means,
U1 <pa <ps3 <ps. Hyperparameter choices follow [25] and

Table 1 We show the average posterior error 7- %Z,Z‘\P(qt = ijo™,0) - P(q. =i, 0)] and total number of mismatches between

the two Viterbi paths {7, generated by models with parameters §"“¢ and 0"

Method w (in op) P \7 Likelihood Time(in sec) Speed up

0.25 0.001 3 -5470 74 12

0.50 0.001 3 -5475 61 14

0.75 0.002 6 -5469 35 24

Approx 1.00 0.004 22 -5478 21 4.2

1.25 0012 81 -5588 13 6.5

150 0.054 410 -6576 8 104

1.75 0219 2345 -8230 4 20.1

2.00 0.248 2857 -8492 3 34.1

FBG 0.003 12 -5471 87 1.0
True -5470
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Table 2 EM, FBG-sampling, and approximate sampling results for simulated, HBL-2, and Corriel dataset are shown

here
Dataset  Method w F1-measure Recall Precision Time Compression Speed-up Likelihood
0.50 0.97 + 0.04 096 + 0.07 0.98 + 0.02 27 0.387 22
0.75 0.97 + 0.04 096 + 0.06 0.98 + 0.03 16 0.195 37
1.00 0.97 + 0.05 095 + 0.07 0.98 + 0.03 10 0.097 59
Approx 1.25 0.96 + 0.06 094 + 0.09 0.98 + 0.03 7 0.050 88
Simulated 1.50 0.94 + 0.09 092 £0.12 097 + 007 5 0.031 113
1.75 091 + 0.15 089 +0.18 096 + 0.12 5 0.023 122
2.00 0.86 + 0.19 085 + 0.21 092 + 0.19 5 0018 12.2
FBG 0.97 + 0.04 0.96 + 0.05 0.98 + 0.03 58 1.0
EM prior, ML 0.96 + 0.09 0.97 + 0.04 096 + 0.1 58
1.0 0.85 + 0.00 0.83 + 0.00 0.88 + 0.00 72 0.078 113
20 0.87 + 0.00 0.83 = 0.00 0.91 + 0.00 21 0.018 393
30 0.89 + 0.00 0.83 = 0.00 0.95 + 0.00 13 0.006 61.8
Approx 40 0.84 + 0.08 0.77 £ 0.11 0.95 + 0.01 13 0.003 619
50 071 +£0.17 060 + 022 0.95 + 0.01 13 0.002 64.8
6.0 0.79 + 0.07 069 + 0.10 0.96 + 0.01 14 0.002 59.3
7.0 0.76 = 0.08 064 + 0.11 0.93 + 0.01 13 0.001 614
HBL-2 FBG 0.82 + 0.00 0.84 + 0.00 0.80 £ 0.00 810 1.0
EM prior, ML 0.65 0.90 0.50 810 15158
EM prior, best 0.85 0.84 0.86 810 9616
EM prior, mean 0.76 = 0.09 0.86 = 0.03 068 £0.12 810 13744
EM unif, ML 0.64 0.90 0.50 810 15159
EM unif, best 0.86 0.84 0.88 810 9136
EM unif, mean 054 + 0.24 0.77 £ 0.21 046 £ 0.27 810 13457
GM05296  Approx 20 0.96 + 0.00 1.00 + 0.00 0.93 + 0.01 3 0.027 130
FBG 0.89 + 0.01 1.00 + 0.00 081 £ 0.01 40 1.0
GMO00143  Approx 20 0.98 + 0.00 1.00 + 0.00 0.96 + 0.00 3 0.027 138
FBG 0.89 + 0.24 1.00 + 0.00 0.86 + 0.26 40 1.0

Approximate sampling results are reported for different choices of w. The w value which is closest to the one estimatpd by the L-method is shown in italic.
Width w is reported in op of the corresponding dataset, time is reported in seconds, and compression is defined as —. For HBL-2, the initial parameter values
for EM are sampled from the prior or uniform distributions, and the average (mean), most likely (ML), and best (in terfhs of F1-measure) performances along with

likelihoods are reported.

are same as for the simulation from genetic template,
except for 614 = 0.2,0.1,0.2,0.2, the prior variance on
#, and a4 = 15, 20, 10, 10, the shape of gamma prior
on ¢ 2. Settings for FBG-sampling and approximate
sampling are identical to the simulated case with one
exception; for each simulated dataset sampling methods
run once and we report the average and standard devia-
tion over 500 datasets, but for HBL-2 we let them run
10 times and report the average and standard deviation
of these 10 F1-measures, recalls, and precisions in Table
2. Each EM run starts with the initial parameter values
sampled either from the prior distributions, or from uni-
form distributions, and continues until the likelihood
value converges. We report the performance of the
most likely model (which is the preferred criteria to
select a model), the likelihood of the best model based
on Fl-measure, and the average and standard deviation
of Fl-measures, recalls, and precisions of all the models

generated by EM. As representative examples, we also
plot the segmentation of chromosome 1 and 9 com-
puted by FBG-sampling and approximate sampling
along with the ground truth labels in Figure 4.

Corriel

Corriel cell lines were used by Snijders et al. [30] and
are widely considered a gold standard in ArrayCGH
data analysis. This dataset is smaller and, in fact, fairly
easy compared to the MCL cell lines. For the Corriel
cell line we use a 4-state HMM and report the results
for GM05296 and GM00143 in Table 2. Again, approxi-
mate sampling performs competitively while achieving
more than a 10-fold speed-up. Hyperparameter choices
follow [24].

GBM

The glioma data from Bredel et al. [31] has previously
been used to analyze the performance of CNV detection
methods [9,33]. According to [33], GBM datasets are noisy
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but contains a mixture of aberrant regions with different
width and amplitude. In particular, chromosome 13 of
GBM31 is reported to have low amplitude loss in p-arm
and chromosome 7 of GBM29 is reported to have high
amplitude gains near the EGFR locus by previous studies
[9,33]. The segmentation of these two chromosomes are
shown in Figure 5. Although [33] reports that EM based
HMM failed to detect these aberrations we see that Baye-
sian HMM has successfully detected both the gain in

chromosome 7 and the loss in chromosome 13. For this
dataset, we use a 3-state HMM with non-informative
op op .

—,0, — for the prior mean
2 2

on y, o1.3 =0.2, 0.1, 0.2 for the prior variance on g,

1 1
a1:3 = —, —5, — for the shape of gamma prior on 672,
op of op
0" =1,9, 1 for the Dirichlet prior on initial distribution 7,
and b5 = 8% = 1,1, 1 for the rate of gamma prior on 6™

hyperparameters, ji1.3 = —
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and the Dirichlet prior on row i of transition matrix A,
respectively, and at the recommended w value we see a 10
fold speed-up.

SNP Array

High-resolution Single Nucleotide Polymorphism (SNP)
arrays are capable of detecting smaller CNVs than
ArrayCGH. To demonstrate the computational advan-
tage of approximate sampling on SNP arrays we have
chosen publicly available Affymetrix 100 k pancreatic
cancer datasets from [32] and [llumina HumanHap550
arrays of HapMap individuals which are provided as
examples in PennCNV [13]. An Affymetrix 100 k

dataset consists of two different arrays each with ~ 60,
000 SNP markers and, in total, 10° data points per sam-
ple. On the other hand, the Illumina HumanHap550
array has around half a million SNP markers. We have
applied FBG-sampling and approximate sampling with
w = 1.80p, the recommended value by the L-method, to
the sample datasets from Harada et al. [32] and found
that the computational speed-up is 22-fold (100 runs of
FBG-sampling takes 1844 seconds). Both sampling
approaches mostly agree on their predictions but they,
specially FBG-sampling, detect several more CNVs than
previously identified [32]. For example, the high
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amplification in chromosome 11 (sample 33) is success-
fully identified by all methods but in chromosome 18
(sample 16) the sampling algorithms find a few normal
regions previously predicted [32] as loss using the
CNAG tool [34] (see Figure 6). One possible reason for
these differences is that while we use 269 HapMap sam-
ples as reference they use 12 unpublished normal sam-
ples as reference. Similarly, we have tested our method
with 2.00p < w < 3.00p against Illumina HumanHap
samples and observed 70 to 90 fold speed-up in compu-
tations (100 runs of FBG-sampling takes 9693 seconds).
These samples are taken from apparently healthy indivi-
duals and contain very few CNVs. As expected, both

sampling algorithms’ predictions are nearly identical and
they seem to predict extreme outliers as aberrant mar-
kers. In contrast, PennCNV [13] does not report CNVs
which are covered by less than 3 SNPs, thus suppressing
the outliers as normal. We plot a typical region (from
1.4e + 08bp to 1.7¢ + 08bp) of chromosome 6 from
sample 3 (ID 99HI0700A) in Figure 7.

To set hyperparameters we follow the default para-
meters of the HMM used in PennCNV [13]. We have
observed that HMMs for large arrays are particularly
sensitive to the self-transition probabilities (which is also
reflected in the default parameter values of the HMM
used in PennCNV). Hence, hyperparameters were set to
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-

reflect the choice of high self-transition probability for
each state—we set 8‘1“}3 = a;,l, a;,1, a1, the Dirichlet prior
on row i of transition matrix A, where [ = 5000, a;; is

1 —aii

0.99 for i = 2, 0.95 for i = 2, ;= for i = j.

Other hyperparameters for the 3-state HMM were set
such that the expected values of prior distributions
match the default values for PennCNV. In particular,
they were fi1.3 = 10.66,0,0.54 for the prior mean on g,
01.3 = 0.001,0.001, 0.001 for the prior variance on g,
ayz = 12, 30, 25 for the shape of gamma prior on o2
b3 =1, 1, 1 for the rate of gamma prior on o2, and

0" = 1,9, 1 for the Dirichlet prior on initial distribution
71, respectively.

Discussion

EM vs. MCMC

As already a 4-state Gaussian HMM has 23 free para-
meters applying EM is often difficult due to the exis-
tence of multiple local optima and the local
convergence of EM. Consequently, the estimate has to
be repeated many times with randomly initialized para-
meter values to find the most likely model. It should
also be noted that not necessarily the model maximizing
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the likelihood exhibits the best performance in classify-
ing aberrations 2. Additionally, applying any constraint
in an EM settings, i.e. ordering of the state means, is
harder than in MCMC. EM also produces inferior
results on datasets exhibiting class imbalance, for exam-
ple where one type of aberrations (observations for one
HMM state) are rare or missing, while MCMC can
overcome this problem using informative priors. In
Table 2 we see that MCMC sampling performs better
than EM on real biological data which is consistent with
prior reports from Guha [24] and Shah [25] who also
report difficulties with EM and better MCMC perfor-
mances. In particular, for HBL-2 we observe that the
best model in terms of F1-measure—which is not avail-
able in de novo analysis—is not the most likely model
and the most likely model has very low precision and,
consequently, worse F1-measure than MCMC sampling.
On the simulated datasets, EM performs poorly if the
dataset is imbalanced. As a result we observe slightly
worse standard deviation for the precisions and F1-mea-
sures computed by EM in Table 2. We also notice from
the confusion matrix of three classes—loss, neutral, and
gain—that even though the mean F1-measure, recall, and
precision (defined on two classes, neutral and aberrant)
are high, due to label switching [17], EM does not dis-
tinguish gain from loss, and vice versa, very well (see
Table 3). By re-ordering the already learned state means
the label switching problem can be addressed, but that
increases misclassification rate due to state collapsing as
the parameter values, specially means of the Gaussians,
become almost identical [17]. In contrast, Bayesian
methods cope with class imbalance problem by applying
order constraints. Moreover, using McNemar’s test [35]

on the combined result of the 500 datasets we have veri-
fied that the predictions based on EM are significantly
different from the predictions made by Bayesian meth-
ods with p-values being less than 0.001 in both cases.
FBG vs. Approximate Sampling

In an ideal setting, like the 2-state HMM example,
approximate sampling closely mimics the performance
of FBG sampling up to moderate compression level. For
the simulated and real dataset approximate sampling’s
performance is comparable to FBG’s while achieving a
speed-up of 10 or larger. We also observe that for
higher compression levels approximate sampling reports
small number of aberrant clones, which results in small
tp and fp values, but large fun value. As a result, we see
low recall and high precision rate when the compression

Table 3 Confusion matrices showing the proportion of
accurate predictions based on EM, FBG-sampling, and
approximate sampling methods on 500 simulated
datasets

Truth
Loss Neutral Gain
Loss 0.855 0.071 0.074
EM Neutral 0.001 0.996 0.003
Gain 0.190 0.087 0.723
Loss 0.980 0.020 0.000
FBG Neutral 0.002 0.995 0.003
Gain 0.002 0.020 0973
Loss 0.981 0.019 0.000
Approx. (w = 1.250p) Neutral 0.002 0.993 0.005
Gain 0.009 0.022 0.969
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level is too high for a particular dataset (see the rows
with w > 4.00p, for HBL-2 in Table 2).

From Figures 4, 5, 6, and 7 we observe that segmenta-
tions by both sampling methods are almost identical at
the recommended width w value. In case of HBL-2, they
differ from the ground truth in some places. They pre-
dict a few extra gain regions and outliers are generally
predicted as gains. We, as well as Shah et al. [25], have
noticed that the HBL-2 dataset has many outliers, and
the variance of emission distribution of gain state 4 con-
verges to a high value which tries to explain the outliers.
In contrast, GBM has fewer outliers (see Figure 5) and
approximate sampling seems robust to those outliers. As
the compression algorithm forces possible outliers to be
included in a compressed block, it is robust to moderate
frequencies of outliers.

Width Parameter

By varying the width parameter w we can control the com-
pression ratio y and the speed-up achieved by approximate
sampling. But from Table 1 and 2, and Lemma 1 it is also
clear that by setting a large value one can get unfavorable
results. We have analyzed the effect of different w values
using a synthetic dataset with a controlled level of noise
following [36]. Each dataset has three chromosomes with
total probe counts 500, 750, and 1000. Ten aberrant
regions of size 11-20 probes, randomly assigned gain or
loss, are inserted in random positions of the 500 probe
chromosome. Similarly, 15 aberrant regions of size 11-25
probes, randomly assigned gain or loss, are inserted into
larger chromosomes. A noise component N(0, o) is added
to the theoretical log-ratios -1,0,0.58 (loss, neutral, and
gain respectively) to model the data. For a set of noise
levels, o ranging from 0.1 to 0.5, 50 synthetic datasets are
generated. We use a 3-state HMM with width parameter
values in the range 00p, ..., 40p (where op, is the standard
deviation of the dataset). Signal-to-noise ratio (SNR) is

0.
defined as ﬁ In Figure 8 we plot the mean compres-
o

sion ratio, F1-measure, recall, and precision for 50 syn-
thetic datasets and the real biological data HBL-2. For all
noise levels the compression ratio drops exponentially
with increasing values of w. Ideally, one would like to
compress as much as possible without affecting the quality
of the predictions. We visually identified a best value for
width as the point after which the F1-measure drops sub-
stantially. Comparing the knee of the curve with the best
value, we notice that while using the knee computed by L-
method [27] is a conservative choice for width, in most
cases we can still obtain a considerable speed-up.

Outliers

Gaussian HMMs are known to be sensitive to outliers
which is evident from our results of HBL-2 and SNP
arrays. Traditionally, outliers have been handled either by
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using a mixture distribution as the emission distribution
or by preprocessing the data to remove possible outliers
or impute more appropriate values. We have observed
that a simple local median approach works very well to
identify the outliers in a time series of log,-ratio values.
Although using a mixture distribution or a distribution
with fat tails, i.e. Student’s-t distribution, is a better
choice we lose a significant computational advantage in
approximate sampling. For a block of observations o’ =

k
0j, ..., 0x we can compute [[P(0jlq’,6) in constant time

j=i

k k
using precomputed values ) 0j and ) 0]-2 if the emission

j=1 j=i
distribution is Gaussian. But it is not obvious how we can
accomplish this for a more complicated distribution.
Another approach, which we prefer in this context, is to
use a HMM state with a very wide Gaussian and low self-
transition probability to model the outliers. We have
observed very good performance in this way. However, as
our primary focus is to compare FBG-sampling with
approximate sampling we choose to use a simple Gaus-
sian model at the end.

Conclusions

Analyzing CGH data either from DNA microarrays or
next generation sequencing to estimate chromosomal
aberrations or investigate copy number variations
(CNV), leads to the problem of segmenting sequences of
observations which are essentially noisy versions of pie-
cewise-constant functions. For reasons of efficiency, ML
or MAP point estimates of HMM parameters combined
with the Viterbi-algorithm to compute a most likely
sequence of hidden states and thus a segmentation of
the input are most popular in practice. This ignores
research which clearly demonstrates that Bayesian
approaches, where MCMC is used for sampling and
thus integrating out model parameters, is more robust
with higher recall and higher precision [24]. Addition-
ally, our experiments show that likelihood is not infor-
mative with respect to the quality of CNV calls putting
the use of ML into question even if the estimation pro-
blem could be solved.

We propose a method using approximate sampling to
accelerate MCMC for HMMs on such data. Our method
constitutes the first use of ideas from spatial index struc-
tures for several consecutive observations and approxi-
mate computations based on geometric arguments for
HMM,; the effectiveness of this approach was previously
demonstrated for k-means clustering, mixture estimation,
and fast evaluation of a mixture of Gaussians.

We demonstrate that these very abundant biological
CGH datasets, which measure chromosomal aberrations
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and copy number variations, are consistent with our
assumptions of piece-wise constant ground truths, and
we are able to achieve speed-ups between 10 and 60
respectively 90, on these biological datasets while

maintaining competitive prediction accuracy compared
to the state-of-the-art. As datasets with even higher
resolution, both from higher density DNA microarrays
and next generation sequencing, become available, we
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believe that the need for precise and efficient MCMC
techniques will increase. The added precision over pop-
ular ML/MAP-based methods is of particular biological
relevance as for complex neurodegenerative diseases
such as Autism de-novo copy number variations have
recently been shown to play a role [37]; a precise and
quick analysis on large collectives of patients is
desirable.

Applying approximate sampling to multi-dimensional
observations—to jointly analyze data sets for recurrent
CNVs [38] instead of analyzing individuals and post-
processing results—and considering more complicated
HMM topologies and observation densities are direc-
tions for our future work.
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We partition S”, the set of all possible partial
state paths of length n, into N subsets S .. S
such that,

§9={S € 8" : (Vs C(S,55) > C(S,51)) V (Yo, C(S,55) = C(S, 1)) A Sy = 5)}

for 1 < j < N, where C(S s) = Zsl(qk‘S) We
qre

S = Ulrel:olsk
- n-1 . _ -
={Sesi: <Z 1(S 7‘51+1)> =
1=1
The size of §” can be expressed in terms of total num-
ber of non-self-transitions present in a path,

again partition such that,

IS" = N"
n—1
n—1 3 (3)
=NZ< . )(N—l) .
k=0
As the sets SY are equal sized partitions of S”,
n—1 _
1S9 = Y (n L 1) (N - l)k. Also notice that, by
k=0

definition, the partial state paths in S” with exactly k
number of non-self-transitions are equally distributed

among the subsets S% As a result,
S5 = ( 1) (N = 1)k
Now we define S = {(gi oor Qisn-1) : (i = oo = Givna

= s5)}. For the remaining part of the proof, if Y is a set
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Now we derive an upper bound of the contribution
from state paths in S%. In the following equations we
make use of the fact that a state path with k non-self-

- k
transitions goes through at least > non-s, states.



Mahmud and Schliep BMC Bioinformatics 2011, 12:428 Page 16 of 17
http://www.biomedcentral.com/1471-2105/12/428

P(S%,0'|O"1) Similarly, we derive an upper bound of the contribu-
P(Si1, o]0 1) tion from state paths in S%, where 1 <y = x < N. Now
we use the fact that, because of the pigeonhole principle

P(S, 0|0 ! n
g) SEXS:} S ) any state path in S§% has to go through at least N Pon-
P(S[SXI 0'|01) s, states.
) Z > P(S,0'|O™Y) (s o |01
P(S[S"] 0 |01 1) M
k=0 Se s P(S[S‘] 0/|Olfl)
Hq; il
o, 75 Y ¥
Z P(gilO™ )e . k=0 Zes?
- 0i — s, S=qi.. Gisn1
k=0 S, _ i isn
Ses§; . ( Iy ) )
S i gy D510 N V2O 10— iy
- Cll, o ,q1+n—1 kisn—1 *E( o )
0j+1 — Mg 2 o (i) l—[ 67
s _ %) (N — 1)t i 71(0]' — l‘«sx>2
1_[ aq;q;+le o e 2 o
L ] 0jr1 — Ms,\’ n
= N\ . dt\ N
a5x5xe 20 S n—1 k 1—1 g )
n—1 i i+n—2 = k (N— 1) o 7[\] 1 e O
- 3 P(ail0™) 1—[ 3451 k=0 (N1
“ . P(S,]O0-1) As,s, n
=0 Sesy . X Lo\ dt\ N (6)
S =i, 1 Yi+ = ! - ! o2
qi Jisn—1 ( i >(N 1) ((N 1)t> e 0
( “%) k=0
. = n
i+n—1 _
i n—1 -1 1—\* _d_f N
e o E O
=t = k t
e 20 k=0
= 1—t \F 1
_ P
< ol —— n—1 k N
_k ~Z ((N_l)t> =Za n—1 —1_t e_ﬁ
=0 Sesy £ k ¢
S:qi/~--rqi+n—l -
) 2 n—1 2£ 1
i+n—1 e /20_ pary
i 7( MSA) ﬁ .
. \ V20 =acN (1+r)" "
k
- . dt\ 3 Applying (5) and (6) in (4) we get,
n _ 1)k 1-1 T2 .
= ( )(N 1) ((N _ 1)£) e > P(qi ..., Gisn—1,010"1)
k=0 (is--sGisn—1)ES"
k Y P(qi=qin1 = ... = Gisn—1 =5,0|01)
n—1 1 k fi_f 2 s€S
(1)) [ 2"
¢ =
k=0 <a((1+re)" '+ (N=1)cN (1+r)" ).
k
1 . de\ 3 Note: For simplicity of the notation, we follow the
- o (" - 1) (_1 _ t) e o2 convention that fy, = —00 and My, = 00 so that the
Py k t proof holds for x = 1 or x = N.
n—1
n—1 k
= o ( k ) (TC) Author details
le=0 'Department of Computer Science, Rutgers University, 110 Frelinghuysen
= (x(l + TC)”fl. Road, Piscataway, NJ, 08854, USA. BioMaPS Institute for Quantitative Biology,

Rutgers University, 110 Frelinghuysen Road, Piscataway, NJ, 08854, USA.



Mahmud and Schliep BMC Bioinformatics 2011, 12:428
http://www.biomedcentral.com/1471-2105/12/428

Authors’ contributions

MPM and AS designed the study and wrote the manuscript. MPM
implemented approximate sampling and tested it's performance. All authors
read and approved the final manuscript.

Received: 17 February 2011 Accepted: 2 November 2011
Published: 2 November 2011

References

1.

2.

20.

21.

22.

Bishop CM: Pattern Recognition and Machine Learning (Information Science
and Statistics) Secaucus, NJ, USA: Springer-Verlag New York, Inc; 2006.
Durbin R, Eddy SR, Krogh A, Mitchison GJ: Biological Sequence Analysis:
Probabilistic Models of Proteins and Nucleic Acids Cambridge University Press;
1998.

Krogh A: Hidden Markov models for labeled sequences. Pattern Recognition,
1994. Vol. 2 - Conference B: Computer Vision & Image Processing., Proceedings of
the 12th IAPR International. Conference on 1994, 2:140-144, vol 2.

Eddy SR: Multiple Alignment Using Hidden Markov Models. /SMB 1995,
114-120.

Schliep A, Costa IG, Steinhoff C, Schonhuth A: Analyzing gene expression
time-courses. [EEE/ACM transactions on computational biology and
bioinformatics/IEEE, ACM 2005, 2(3):179-93.

Olshen AB, Venkatraman ES, Lucito R, Wigler M: Circular binary
segmentation for the analysis of array-based DNA copy number data.
Biostatistics (Oxford, England) 2004, 5(4):557-72.

Picard F, Robin S, Lebarbier E, Daudin JJ: A segmentation/clustering model
for the analysis of array CGH data. Biometrics 2007, 63(3):758-66.

Eilers PHC, de Menezes RX: Quantile smoothing of array CGH data.
Bioinformatics 2005, 21(7):1146-53.

Tibshirani R, Wang P: Spatial smoothing and hot spot detection for CGH
data using the fused lasso. Biostatistics 2008, 9:18-29.

Wang P, Kim Y, Pollack J, Narasimhan B, Tibshirani R: A method for calling
gains and losses in array CGH data. Biostatistics (Oxford, England) 2005,
6:45-58.

Andersson R, Bruder CEG, Piotrowski A, Menzel U, Nord H, Sandgren J,
Hvidsten TR, Diaz de Stahl T, Dumanski JP, Komorowski J: A segmental
maximum a posteriori approach to genome-wide copy number
profiling. Bioinformatics 2008, 24(6):751-758.

Fridlyand J, Snijders A, Pinkel D, Albertson D, Jain A: Hidden Markov
models approach to the analysis of array CGH data. J Multivariate Anal
2004, 90:132-153.

Wang K, Li M, Hadley D, Liu R, Glessner J, Grant SFA, Hakonarson H,

Bucan M: PennCNV: an integrated hidden Markov model designed for
high-resolution copy number variation detection in whole-genome SNP
genotyping data. Genome Research 2007, 17(11):1665-74.

Viterbi A: Error bounds for convolutional codes and an asymptotically
optimum decoding algorithm. Information Theory, IEEE Transactions on
1967, 13(2):260-269.

Gilks W, Gilks W, Richardson S, Spiegelhalter D: Markov chain Monte Carlo in
practice Interdisciplinary statistics, Chapman & Hall; 1996.

Geman S, Geman D: Stochastic Relaxation, Gibbs Distributions, and the
Bayesian Restoration of Images. Pattern Analysis and Machine Intelligence,
IEEE Transactions on 1984, PAMI-6(6):721-741.

Scott S: Bayesian Methods for Hidden Markov Models: Recursive
Computing in the 21st Century. Journal of the American Statistical
Association 2002, 337-351.

Rabiner L: A tutorial on hidden Markov models and selected applications
in speech recognition. Proceedings of the IEEE 1989, 77(2):257-286.

Mozes S, Weimann O, Ziv-Ukelson M: Speeding Up HMM Decoding and
Training by Exploiting Sequence Repetitions. Lecture Notes in Computer
Science 2007.

Pelleg D, Moore A: Accelerating exact k-means algorithms with
geometric reasoning. KDD ‘99: Proceedings of the fifth ACM SIGKDD
international conference on Knowledge discovery and data mining New York,
NY, USA: ACM; 1999, 277-281.

Fritsch J, Rogina I: The Bucket Box Intersection (BBI) Algorithm For Fast
Approximative Evaluation Of Diagonal Mixture Gaussians. In Proc ICASSP
1996, 837-840.

Srivastava S: Fast gaussian evaluations in large vocabulary continuous
speech recognition. M.S. Thesis, Department of Electrical and Computer
Engineering, Mississippi State University 2002.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Page 17 of 17

Baum LE, Petrie T, Soules G, Weiss N: A Maximization Technique Occurring
in the Statistical Analysis of Probabilistic Functions of Markov Chains.
The Annals of Mathematical Statistics 1970, 41:164-171.

Guha S, Li Y, Neuberg D: Bayesian Hidden Markov Modeling of Array
CGH Data. Journal of the American Statistical Association 2008, 103:485-497.
Shah SP, Xuan X, DeLeeuw RJ, Khojasteh M, Lam WL, Ng R, Murphy KP:
Integrating copy number polymorphisms into array CGH analysis using
a robust HMM. Bioinformatics 2006, 22(14):e431-e439.

Chib S: Calculating posterior distributions and modal estimates in
Markov mixture models. Journal of Econometrics 1996, 75:79-97.

Salvador S, Chan P: Determining the Number of Clusters/Segments in
Hierarchical Clustering/Segmentation Algorithms. Proceedings of the 16th
IEEE International Conference on Tools with Artificial Intelligence, ICTAI ‘04
Washington, DC, USA: IEEE Computer Society; 2004, 576-584.

Willenbrock H, Fridlyand J: A comparison study: applying segmentation to
array CGH data for downstream analyses. Bioinformatics 2005,
21(22):4084-4091.

Leeuw RID, Davies JJ, Rosenwald A, Bebb G, Gascoyne YD, Dyer MJS,
Staudt LM, Martinez-climent JA, Lam WL: Comprehensive whole genome
array CGH profiling of mantle cell lymphoma model genomes. Hum Mol
Genet 2004, 13:1827-1837.

Snijders AM, Nowak N, Segraves R, Blackwood S, Brown N, Conroy J,
Hamilton G, Hindle AK, Huey B, Kimura K, Law S, Myambo K, Palmer J,
Yistra B, Yue JP, Gray JW, Jain AN, Pinkel D, Albertson DG: Assembly of
microarrays for genome-wide measurement of DNA copy number. Nat
Genet 2001, 29(3):263-264.

Bredel M, Bredel C, Juric D, Harsh GR, Vogel H, Recht LD, Sikic Bl: High-
Resolution Genome-Wide Mapping of Genetic Alterations in Human
Glial Brain Tumors. Cancer Research 2005, 65(10):4088-4096.

Harada T, Chelala C, Bhakta V, Chaplin T, Caulee K, Baril P, Young BD,
Lemoine NR: Genome-wide DNA copy number analysis in pancreatic
cancer using high-density single nucleotide polymorphism arrays.
Oncogene 2007, 27(13):1951-1960.

Lai WR, Johnson MD, Kucherlapati R, Park PJ: Comparative analysis of
algorithms for identifying amplifications and deletions in array CGH
data. Bioinformatics 2005, 21(19):3763-70.

Nannya Y, Sanada M, Nakazaki K, Hosoya N, Wang L, Hangaishi A,
Kurokawa M, Chiba S, Bailey DK, Kennedy GC, Ogawa S: A robust algorithm
for copy number detection using high-density oligonucleotide single
nucleotide polymorphism genotyping arrays. Cancer Res 2005,
65(14):6071-6079.

McNemar Q: Note on the sampling error of the difference between
correlated proportions or percentages. Psychometrika 1947, 12:153-157.
Morganella S, Cerulo L, Viglietto G, Ceccarelli M: VEGA: variational
segmentation for copy number detection. Bioinformatics 2010,
26(24):3020-3027.

Pinto D, Pagnamenta AT, Klei L, Anney R, Merico D, Regan R, Conroy J,
Magalhaes TR, Correia C, Abrahams BS, Almeida J, Bacchelli E, Bader GD,
Bailey AJ, Baird G, Battaglia A, Berney T, Bolshakova N, Bolte S, Bolton PF,
Bourgeron T, Brennan S, Brian J, Bryson SE, Carson AR, Casallo G, Casey J,
Chung BHY, Cochrane L, Corsello C: Functional impact of global rare copy
number variation in autism spectrum disorders. Nature 2010.

Shah SP, Lam WL, Ng RT, Murphy KP: Modeling recurrent DNA copy
number alterations in array CGH data. Bioinformatics 2007, 23(13):
i450-i458.

doi:10.1186/1471-2105-12-428

Cite this article as: Mahmud and Schliep: Fast MCMC Sampling for
Hidden Markov Models to Determine Copy Number Variations. BMC
Bioinformatics 2011 12:428.



http://www.ncbi.nlm.nih.gov/pubmed/17044182?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17044182?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17825008?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17825008?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15572474?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17513312?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17513312?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18204059?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18204059?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/18204059?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17921354?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17921354?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17921354?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21880310?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/21880310?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16873504?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16873504?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16159913?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16159913?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15229187?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15229187?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11687795?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/11687795?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15899798?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15899798?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/15899798?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17952125?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17952125?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16081473?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16081473?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16081473?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16024607?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16024607?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/16024607?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20254758?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20254758?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20959380?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/20959380?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17646330?dopt=Abstract
http://www.ncbi.nlm.nih.gov/pubmed/17646330?dopt=Abstract

	Abstract
	Background
	Results
	Conclusions

	Background
	Methods
	HMM
	MCMC Sampling
	Approximate sampling
	kd-tree Based Sequence Compression
	Width Parameter Selection
	Fast Approximate Sampling


	Results
	Synthetic Data
	2-State HMM
	Simulation from Genetic Template

	Biological Data
	Mantle Cell Lymphoma (MCL)
	Corriel
	GBM
	SNP Array

	Discussion
	EM vs. MCMC
	FBG vs. Approximate Sampling
	Width Parameter
	Outliers


	Conclusions
	Appendix
	Author details
	Authors' contributions
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /Warning
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 500
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /Warning
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 500
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /Warning
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


