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Irregular Breathing Classification From Multiple
Patient Datasets Using Neural Networks
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Abstract—Complicated breathing behaviors including uncer-
tain and irregular patterns can affect the accuracy of predicting
respiratory motion for precise radiation dose delivery. So far in-
vestigations on irregular breathing patterns have been limited to
respiratory monitoring of only extreme inspiration and expiration.
Using breathing traces acquired on a Cyberknife treatment facility,
we retrospectively categorized breathing data into several classes
based on the extracted feature metrics derived from breathing data
of multiple patients. The novelty of this paper is that the classifier
using neural networks can provide clinical merit for the statisti-
cal quantitative modeling of irregular breathing motion based on
a regular ratio representing how many regular/irregular patterns
exist within an observation period. We propose a new approach to
detect irregular breathing patterns using neural networks, where
the reconstruction error can be used to build the distribution model
for each breathing class. The proposed irregular breathing classi-
fication used a regular ratio to decide whether or not the current
breathing patterns were regular. The sensitivity, specificity, and
receiver operating characteristiccurve of the proposed irregular
breathing pattern detector was analyzed. The experimental results
of 448 patients’ breathing patterns validated the proposed irregu-
lar breathing classifier.

Index Terms—Abnormal detection, breathing classification,
irregular respiration, neural networks, receiver operating
characteristic.

I. INTRODUCTION

RAPID developments in image-guided radiation therapy of-
fer the potential of precise radiation dose delivery to most

patients with early or advanced lung tumors [1]–[6]. While early
stage lung tumors are treated with stereotactic methods, locally
advanced lung tumors are treated with highly conformal radio-
therapy, such as intensity modulated radiotherapy (IMRT) [2].
Both techniques are usually planned based on 4-D computed
tomography [1]. Thus, the prediction of individual breathing
cycle irregularities is likely to become very demanding since
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tight safety margins will be used. Safety margins are defined
based on the initial planning scan that also analyzes the aver-
age extent of breathing motion, but not the individual breathing
cycle. In the presence of larger respiratory excursions, treat-
ment can be triggered by respiration motion in such a way
that radiation beams are only on when respiration is within
predefined amplitude or phase [7]. Since margins are smaller
with more conformal therapies, breathing irregularities might
become more important unless there is a system in place that
can stop the beam in the presence of breathing irregularities.
Real-time tumor-tracking, where the prediction of irregularities
really becomes relevant [8], has yet to be clinically established.

The proposed methodology for irregular breathing classifica-
tion can impact the dose calculation for patient treatments [9],
[10]. The highly irregularly breathing patient may be expected
to have a much bigger internal target volume (ITV) than a reg-
ular one, where ITV contains the macroscopic cancer and an
internal margin to take into account the variations due to organ
motions [9]. Thus, the detection of irregular breathing motion
before and during the external beam radiotherapy is desired for
minimizing the safety margin [10]. Only a few clinical studies,
however, have shown a deteriorated outcome with increased ir-
regularity of breathing patterns [1], [8], [10], probably due to the
lack of technical development in this topic. Other reasons con-
founding the clinical effect of irregular motion such as variations
in target volumes or positioning uncertainties also influence the
classification outcomes [8]–[11]. The newly proposed statistical
classification may provide clinically significant contributions to
minimize the safety margin during external beam radiotherapy
based on the breathing regularity classification for the individ-
ual patient. An expected usage of the irregularity detection is
to adapt the margin value, i.e., the patients classified with reg-
ular breathing patterns would be treated with tight margins to
minimize the target volume. For patients classified with irregu-
lar breathing patterns, safety margins may need to be adjusted
based on the irregularity to cope with baseline shifts or highly
fluctuating amplitudes that are not covered by standard safety
margins [9], [10].

There exists a wide range of diverse respiration patterns in
human subjects [9]–[15]. However, the decision boundary to dis-
tinguish the irregular patterns from diverse respirations is not
clear yet [11], [16]. For example, some studies defined only two
(characteristic and uncharacteristic [10]) or three (small, mid-
dle, and large [9]) types of irregular breathing motions based on
the breathing amplitude to access the target dosimetry [9], [10].
Our purpose is to classify irregular patterns, given symptoms
that fit into neither the regular pattern nor the regular compres-
sion pattern categorizations [17]. Respiratory patterns can be
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classified as normal or abnormal patterns [16]. The key point
of the classification as normal or abnormal breathing patterns is
how to extract the dominant feature from the original breathing
datasets [18]–[24]. For example, Lu et al. calculated a moving
average curve using a fast Fourier transform to detect respira-
tion amplitudes [16]. Some studies showed that the flow volume
curve with neural networks can be used for the classification of
normal and abnormal respiratory patterns [13], [14]. However,
spirometry data are not commonly used for abnormal breathing
detection during image-guided radiation therapy [13].

To detect irregular breathing, we present a method that retro-
spectively classifies breathing patterns using multiple patients-
breathing data originating from a Cyberknife treatment facil-
ity [25]. There is no implicit assumption made for the fu-
ture breathing patterns at the time of treatment. The multi-
ple patients-breathing data contain various breathing patterns.
For the analysis of breathing patterns, we extracted breathing
features, e.g., vector-oriented feature [22], [23], amplitude of
breathing cycle [16], [26], and breathing frequency [11], etc.,
from the original dataset, and then classified the whole breath-
ing data into classes based on the extracted breathing features.
To detect irregular breathing, we introduce the reconstruction
error using neural networks as the adaptive training value for
anomaly patterns in a class.

The contribution of this paper is threefold. First, we propose
a new approach to detect abnormal breathing patterns with mul-
tiple patients’ breathing data that better reflect tumor motion
in a way needed for radiotherapy than the spirometry. Second,
the proposed new method achieves the best irregular classifica-
tion performance by adopting expectation- maximization (EM)
based on the Gaussian Mixture model with the usable feature
combination from the given feature extraction metrics. Third, we
can provide clinical merits with prediction for irregular breath-
ing patterns, such as to validate classification accuracy between
regular and irregular breathing patterns from receiver operating
characteristic (ROC) curve analysis, and to extract a reliable
measurement for the degree of irregularity. This paper is or-
ganized as follows. In Section II, the theoretical background
for the irregular breathing detection is discussed briefly. In
Section III, the proposed irregular breathing detection algorithm
is described in detail with the feature extraction method. The
experimental results are presented in Section IV. A summary
of the performance of the proposed method and conclusion are
presented in Section V.

II. BACKGROUND

Modeling and prediction of respiratory motion are of great
interest in a variety of applications of medicine [27], [28]–[31].
Variations of respiratory motions can be represented with statis-
tical means of the motion [29] which can be modeled with finite
mixture models for modeling complex probability distribution
functions [32]. This paper uses the EM algorithm for learning
the parameters of the mixture model [33], [34]. In addition, neu-
ral networks are widely used for breathing prediction and for
classifying various applications because of the dynamic tempo-
ral behavior with their synaptic weights [4], [8], [17], [35], [36].

Therefore, we use neural networks to detect irregular breathing
patterns from feature vectors in given samples.

A. EM Based on Gaussian Mixture Model

A Gaussian mixture model is a model-based approach that
deals with clustering problems in attempting to optimize the fit
between the data and the model. The joint probability density
of the Gaussian mixture model can be the weighted sum of
m > 1 components φ(x|μm ,Σm ). Here φ is a general multivari-
ate Gaussian density function, expressed as follows [33]:

φ(x|μm ,Σm ) =
exp

[
− 1

2 (x − μm )T
∑−1

m (x − μm )
]

(2π)d/2 |Σm |1/2 (1)

where x is the d-dimensional data vector, and μm and Σm are the
mean vector and the covariance matrix of the mth component,
respectively. A variety of approaches to the problem of mixture
decomposition have been proposed, many of which focus on
maximum likelihood methods such as the EM algorithm [34].

An EM algorithm is a method for finding maximum likelihood
estimates of parameters in a statistical model. EM alternates
between an expectation step, which computes the expectation
of the log likelihood using the current variable estimate, and
a maximization step, which computes parameters maximizing
the expected log likelihood collected from the E-step. These
estimated parameters are used to select the distribution of vari-
able in the next E-step [32]. The EM was applied due to the
unsupervised nature of unlabeled datasets.

B. Neural Network (NN)

A neural network is a mathematical model or computational
model that is inspired by the functional aspects of biological
neural networks [37]. A simple NN consists of an input layer, a
hidden layer, and an output layer, interconnected by modifiable
weights, which are represented by links between the layers.
Our interest is to extend the use of such networks to pattern
recognition, where network input vector xi denotes elements
of extracted breathing features from the breathing dataset and
intermediate results generated by network outputs will be used
for classification with discriminant criteria based on clustered
degree. Each input vector xi is given to neurons of the input
layer, and the output of each input element is made equal to
the corresponding element of the vector. The weighted sum of
its inputs is computed by each hidden neuron j to produce its
net activation (simply denoted as netj ). Each hidden neuron j
gives a nonlinear function output of its net activation Φ(·), i.e.,
Φ(netj ) = Φ(ΣN

i=1xiwji + wj0) in (2). The process of output
neuron k is the same as the hidden neuron. Each output neuron
k calculates the weighted sum of its net activation based on
hidden neuron outputs Φ(netj ) as follows [38]:

netk =
H∑

j=1

wkjΦ

(
N∑

i=1

xiwji + wj0

)
+ wk0 (2)

where N and H denote neuron numbers of the input layer and
hidden layer. The subscripts i, j, and k indicate elements of the
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Fig. 1. Irregular breathing pattern detection with the proposed algorithm.

input, hidden, and output layers, respectively. Here, the subscript
0 represents the bias weight with the unit input vector (x0 =
1). We denote the weight vectors wji as the input-to-hidden
layer weights at the hidden neuron j and wkj as the hidden-to-
output layer weights at the output neuron k. Each output neuron
k calculates the nonlinear function output of its net activation
Φ(netk ) to give a unit for the pattern recognition.

III. PROPOSED IRREGULAR BREATHING CLASSIFIER

As shown in Fig. 1, we first extract the breathing feature
vector from the given patient datasets in Section III-A. The
extracted feature vector can be classified with the respiratory
pattern based on EM in Section III-B. Here, we assume that
each class describes a regular pattern. In Section III-C, we will
calculate a reconstruction error for each class using a neural
network. Finally, in Section III-D, we show how to detect the
irregular breathing pattern based on the reconstruction error.

The proposed process flow is to first find out the feasible
feature vector for the efficient classification of breathing patterns
based on the discriminant criterion [38] while assuming that
each class describes a regular pattern, and then to select the
classes of the breathing patterns using the feature vector based
on the EM algorithm.

A. Feature Extraction from Breathing Analysis

Feature extraction is a preprocessing step for classification by
extracting the most relevant data information from the raw data
[22]. In this study, we extract the breathing feature from patient
breathing datasets for the classification of breathing patterns.

The typical vector-oriented feature extraction including prin-
cipal component analysis (PCA) and multiple linear regressions
(MLR) have been widely used [22], [23]. Murphy et al. showed
that autocorrelation coefficient and delay time can represent
breathing signal features [8]. Each breathing signal may be si-
nusoidal variables [26] so that each breathing pattern can have
quantitative diversity of acceleration, velocity, and standard de-
viation based on breathing signal amplitudes [16]. Breathing
frequency also represents breathing features [11].

TABLE I
FEATURE EXTRACTION METRICS INCLUDING THE FORMULA AND NOTATION

Table I shows the feature extraction metrics for the breathing
pattern classification. We create Table I based on previous enti-
ties for breathing features, so that the table can be variable. The
feature extraction metrics can be derived from multiple patient
datasets with the corresponding formula. To establish feature
metrics for breathing pattern classification, we define the can-
didate feature combination vector x̄ from the combination of
feature extraction metrics in Table I. We defined 10 feature ex-
traction metrics in Table I. The objective of this section is to find
out the estimated feature metrics x̂) from the candidate feature
combination vector (x̄) using discriminant criterion based on
clustered degree. We can define the candidate feature combina-
tion vector as x̄ = (x1 ,. . ., xz ), where variable z is the element
number of feature combination vector, and each element cor-
responds to each of the feature extraction metrics depicted in
Table I. For example, let us define the number of feature combi-
nation vectors as three (z = 3), where the feature combination
vector can be x̄ = (BRF, PCA, STD) with three out of 10 feature
metrics. The total number of feature combination vectors using
feature extraction metrics can be the summation of the combi-
nation function C(10,z) as regards to z objects (z = 2,. . ., 10),
where the combination function C(10, z) is the number of ways
of choosing z objects from ten feature metrics. For the inter-
mediate step, we may select which features to use for breathing
pattern classification with the feature combination vectors, i.e.,
the estimated feature metrics (x̂). For the efficient and accurate
classification of breathing patterns, selection of relevant features
is important [24]. In this study, the discriminant criterion based
on clustered degree can be used to select the estimated feature
metrics, i.e., objective function J(·) using within-class scatter
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(SW ) and between-class scatter (SB ) [38], [39]. Here we define
the SW as follows:

SW =
1
z

G∑
i=1

Si, Si =
ni∑

j=1

(x̄ij − ui)2 , ui =
1
ni

ni∑
j=1

x̄ij

(3)
where z is the element number of a feature combination vector
in SW ,G is the total number of class in the given datasets, Si

is the sum of squares of vectors within i-th class, and ni is the
data number of the feature combination vector in the i-th class.
We define the SB as follows:

SB =
G∑

i=1

ni × (ui − u)2 , u =
1
n

n∑
i=1

x̄i (4)

where n is the total data number of the feature combination
vector. The objective function J to select the optimal feature
combination vector can be written as follows:

J(x̂) = arg min
x̄

(
SW

SB

)
(5)

where x̂ can be the estimated feature vector for the rest of the
modules for breathing patterns classification.

As shown in Section IV-A, three channel breathing datasets
with a sampling frequency of 26 Hz are used to evaluate the per-
formance of the proposed irregular breathing classifier. Here,
each channel makes a record continuously in three dimensions
for 448 patient datasets. The breathing recording time for each
patient is distributed from 18 min to 2.7 h, with 80 min as the av-
erage time at the Georgetown University CyberKnife treatment
facility.

B. Clustering of Respiratory Patterns Based on EM

This section is aimed at finding the optimal number of clus-
tering of respiratory patterns in the given datasets. We assume
that the total 448 patients’ breathing patterns can be categorized
into several classes M , where each class m is optimized with
the finite mixture model. We increase the M (from 2 to 8 in
Section IV-C) components to optimize the Gaussian mixture
model using the EM algorithm.

After extracting the estimated feature vector x̂ for the breath-
ing feature, we can model the joint probability density that con-
sists of the mixture of Gaussians φ(x̂|μm ,Σm ) for the breathing
feature as follows [32], [33]:

p(x̂,Θ) =
M∑

m=1

αm φ

(
x̂|μm ,

∑
m

)
, αm ≥ 0,

M∑
m=1

αm = 1

(6)
where x̂ is the d-dimensional feature vector, αm is the prior
probability, μm is the mean vector, Σm is the covariance
matrix of the mth component data, and the parameter Θ ≡
{αm , μm ,Σm}M

m=1 is a set of finite mixture model parameter
vectors. For the solution of the joint distribution p(x̂, Θ), we
assume that the training feature vector sets x̂k are independent
and identically distributed, and our purpose of this section is to
estimate the parameters {αm , μm , Σm} of the M components

that maximize the log-likelihood function as follows [33], [34]:

L(M) =
K∑

k=1

log p(x̂k ,Θ) (7)

where M and K are the total cluster number and the total num-
ber of patient datasets, respectively. Given an initial estimation
{α0 , μ0 , Σ0}, E-step in the EM algorithm calculates the poste-
rior probability p(m|x̂k ) as follows:

p(m|x̂k )=α(t)
m φ

⎛
⎝x̂k |μ(t)

m ,

(t)∑
m

⎞
⎠

/
M∑

m=1

α(t)
m φ

⎛
⎝x̂k |μ(t)

m ,

(t)∑
m

⎞
⎠

(8)
and then M -step is as follows:

α(t+1)
m =

1
K

K∑
k=1

p(m|x̂k )

μ(t+1)
m =

∑K
k=1 p(m|x̂k )x̂k∑K

k=1 p(m|x̂k )
=

1
αm K

K∑
k=1

p(m|x̂k )x̂k

(t+1)∑
m

=
1

αm K

K∑
k=1

p(m|x̂k )
[
(x̂k−μ

(t+1)
k )(x̂k −μ

(t+1)
k )T

]
. (9)

With (8) in the E-step, we can estimate the tth posterior
probability p(m|x̂k ). Based on this estimate result, the prior
probability αm , the mean μm , and the covariance Σm in the
(t+1)th iteration can be calculated using (9) in the M -step.
Based on clustering of respiratory patterns, we can make a class
for each breathing feature with the corresponding feature vector
x̂m of class m. With the classified feature combination vector
(x̂m ), we can get the reconstruction error for the preliminary
step to detect the irregular breathing pattern.

For the quantitative analysis of the cluster models, we use two
criteria for model selection, i.e., Akaike information criterion
(AIC) and Bayesian information criterion (BIC), among a class
of parametric models with different cluster numbers [40]. Both
criteria measure the relative goodness of fit of a statistical model.
In general, the AIC and BIC are defined as follows: AIC = 2 k
− 2ln(L), BIC = −2·lnL + kln(n), where n is the number of
patient datasets, k is the number of parameters to be estimated,
and L is the maximized log-likelihood function for the estimated
model that can be derived from (7).

C. Reconstruction Error for Each Cluster Using NN

Using the classification based on EM, we can get M classes
of respiratory patterns, as shown in Fig. 1. With the classified
feature vectors x̂m , we can reconstruct the corresponding fea-
ture vectors om with the neural networks in Fig. 2 and get the
following output value:

om = Φ

⎛
⎝

H∑
j=1

wkjΦ

(
N∑

i=1

x̂m
i wji + wj0

)
+ wk0

⎞
⎠ (10)

where Φ is the nonlinear activation function, and N and H
denote the total neuron number of input and hidden layers,
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Fig. 2. Reconstruction error to detect the irregular pattern using NN.

respectively. The neural weights w are determined by training
samples of multiple patient datasets for each class M. Then, the
neural networks using a multilayer perceptron for each class
in Fig. 2 calculate the reconstruction error δm for each feature
vector x̂i as follows [17]:

δm
i =

1
F

F∑
f =1

(
x̂m

if − om
if

)2
(11)

where i is the number of patient datasets in a class m, and f
is the number of features. After calculating the reconstruction
error δm for each feature vector in Fig. 2, δm can be used to
detect the irregular breathing pattern in the next section.

D. Detection of Irregularity Based on Reconstruction Error

For the irregular breathing detection, we introduce the recon-
struction error δm , which can be used as the adaptive training
value for anomaly pattern in a class m. With the reconstruction
error δm , we can construct the distribution model for each clus-
ter m. That means the patient data with small reconstruction
error can have a much higher probability of becoming regular
than the patient data with many reconstruction errors in our ap-
proach. For class m, the probability βm , class means νm , and
covariance Σm can be determined as follows:

βm =
1
K

K∑
i=1

I(m|x̂i) (12)

νm =
∑K

i=1 I(m|x̂i)δm
i∑K

i=1 I(m|x̂i)
=

1
βm K

K∑
i=1

I(m|x̂i)δm
i (13)

Σm =
1

βm K

K∑
i=1

I(m|x̂i)
[
(x̂i − Mm )(x̂i − Mm )T

]
(14)

where I(m|x̂i) = 1, if x̂i is classified into class m; otherwise,
I(m|x̂i) = 0, Mm is the mean value of the classified feature
vectors (x̂m ) in class m, and K is the total number of the
patient datasets. To decide the reference value to detect the
irregular breathing pattern, we combine the class means (13)
and the covariance (14) with the probability (12) for each class

Fig. 3. Detection of regular/irregular patterns using the threshold value ξm .

as follows:

ν̄ =
1
M

M∑
m=1

βm νm ,
∑̄

=
1
M

M∑
m=1

βm

∑
m

. (15)

With (15), we can make the threshold value ξm to detect the
irregular breathing pattern in (16), as follows:

ξm =
(νm − ν̄)

√
Σ̄

Lm
(16)

where Lm is the total number of breathing data in class m. For
each patient i in class m, we define Pm as a subset of the patient
whose score δm

i is within the threshold value ξm in class m, and
1−Pm as a subset of the patient whose score δm

i is greater than
the threshold value ξm in class m, as shown in Fig. 3.

The digit “1” represents the entire patient set for class m in
Fig. 3. With Fig. 3, we can detect the irregular breathing patterns
in the given class m with the threshold value ξm . Accordingly, all
the samples within the threshold value highlighted with yellow
in Fig. 3 can be the regular respiratory patterns, whereas the
other samples highlighted with gray in Fig. 3 can become the
irregular respiratory patterns.

Fig. 3 shows that the threshold value ξm depicted by dotted
lines can divide the regular respiratory patterns Pm from the ir-
regular respiratory patterns (1−Pm ) for each class m. As shown
in Fig. 3, we can summarize the process of the regular/irregular
breathing detection, and denote the regular respiratory patterns
highlighted with yellow as ∪M

m=1(Pm ) and the irregular respi-
ratory patterns highlighted with gray as ∩M

m=1(1−Pm ). We will
use these notations for the predicted regular/irregular patterns
in the following section.

E. Evaluation Method for Irregular Classifier

We apply standard sensitivity and specificity criteria as sta-
tistical measures of the performance of a binary classification
test for irregularity detection. The classifier result may be pos-
itive, indicating an irregular breathing pattern as the presence
of an anomaly. On the other hand, the classifier result may be
negative, indicating a regular breathing pattern as the absence
of the anomaly. Sensitivity is defined as the probability that the
classifier result indicates a respiratory pattern has the anomaly
when in fact they do have the anomaly. Specificity is defined as
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Fig. 4. True positive range RTP versus true negative range RTN . This figure shows how to decide RTP or RTN of patient i (DB17). In this example, the
breathing cycle BCi , the period of observation Ti , and the sum of ψi (Σj ψij ) are given by the numbers of 4.69, 250.92, and 26, respectively. Accordingly, we can
calculate the ratio γi of the true negative range RTN

i to the period of observation Ti , i.e., 0.75. That means 75% of the breathing patterns during the observation
period show regular breathing patterns in the given sample.

the probability that the classifier result indicates a respiratory
pattern does not have the anomaly when in fact they are anomaly
free [41]. For the sensitivity and specificity, we can use Fig. 3 as
the hypothesized class, i.e., the predicted regular and irregular
patterns, as follows:

FN + TN =
M⋃

m=1

Pm , TP + FP =
M⋂

m=1

(1 − Pm ). (17)

The proposed classifier should have high sensitivity and high
specificity. The given patient data show that the breathing data
can be mixed up with the regular and irregular breathing patterns
in Fig. 4. There are as yet no gold standard ways of labeling
regular or irregular breathing signals. Lu et al. showed, in a
clinical way, that the moving average value can be used to detect
irregular patterns where inspiration or expiration was considered
irregular if its amplitude was smaller than 20% of the average
amplitude [16]. In this study, for the evaluation of the proposed
classifier of abnormality, we define all the breathing patterns that
are smaller than half the size of the average breathing amplitude
as irregular patterns, shown with dotted lines in Fig. 4. During
the period of observation T , we noticed some irregular breathing
patterns. Let us define BCi as the breathing cycle range for the
patient i as shown in Table I and ψi as the number of irregular
breathing pattern regions between a maximum (peak) and a
minimum (valley).

For the patient i, we define the true positive/negative ranges
(RTP

i /RTN
i ) and the regular ratio γi as follows:

RTP
i =

BCi

2

∑
j

ψij , RTN
i =Ti−

BCi

2
·
∑

j

ψij , γi =
RTN

i

Ti

(18)
where the ratio γi is variable from 0 to 1. For the semisupervised
learning of the TP and TN in the given patient datasets, we
used the ratio γi of the true negative range RTN

i to the period of
observation Ti in (18). Let us denote Ψth as the regular threshold
to decide whether the patient dataset is regular or not. For patient
i, we would like to decide a TP or TN based on values with the

TABLE II
CHARACTERISTICS OF THE BREATHING DATASETS

ratio γi and the regular threshold Ψth , i.e., if the ratio γi of
patient i is greater than that of the regular threshold Ψth , the
patient is true negative, otherwise γi ≤ Ψth true positive. We
should notice also that the regular threshold can be variable from
0 to 1. Accordingly, we will show the performance of sensitivity
and specificity with respect to the variable regular threshold in
Section IV-E.

IV. EXPERIMENTAL RESULTS

A. Breathing Motion Data

Table II shows the characteristics of the breathing datasets.
The minimum and the maximum recording times are 18 and
166 min, respectively.

To extract the feature extraction metrics in Table I, therefore,
we randomly selected 18-min samples from the whole recording
time for each breathing dataset because the minimum breathing
recording time is 18 min. That means we use 28 080 samples
to get the feature extraction metrics for each breathing dataset.
Every dataset for each patient is analyzed to predict the irregular
breathing patterns. That means we inspect all the datasets to
detect the irregular pattern ψi within the entire recording time.
The detected irregular patterns can be used to calculate the true
positive/negative ranges (RTP

i /RTN
i ) and the ratio γi for the

patients.

B. Selection of the Estimated Feature Metrics x̂

The objective of this section is to find out the estimated feature
metrics x̂ from the candidate feature combination vector x̄ using
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Fig. 5. Objective functions with respect to the feature metrics number to select
the estimated feature metrics x̂.

discriminant criteria based on clustered degree. Fig. 5 shows all
the results of the objective function J with respect to the feature
metrics number. That means each column in Fig. 5 represents
the number of feature extraction metrics in Table I.

The red spot shows the objective function J(·) for each fea-
ture combination vector, whereas the black and the blue spots
represent the averaged objective function and the standard devi-
ation of the objective function with respect to the feature metrics
number. We notice that two feature combination vector can have
a minimal feature combination vector. Even though z = 9 has
the minimum standard deviation, a minimum objective function
J of z = 9 is much bigger than those in z = 3, 4, 5, and 6
shown in Fig. 5. The interesting result is that the combinations
of BRF, PCA, MLR, and STD have minimum objective func-
tions in z = 3 and 4. Therefore, we would like to use these
four feature extraction metrics, i.e., BRF, PCA, MLR, and STD
as the estimated feature vector x̂ for the rest of modules for
breathing patterns classification.

C. Clustering of Respiratory Patterns Based on EM

In this section, the breathing patterns will be arranged into
groups with the estimated feature vector x̂for the analysis of
breathing patterns.

In Fig. 6, we can notice that both criteria have selected the
identical clustering number; M = 5. Therefore, we can arrange
the whole pattern datasets into five different clusters of breathing
patterns based on the simulation results.

D. Breathing Pattern Analysis to Detect Irregular Pattern

Before predicting irregular breathing, we analyze the breath-
ing pattern to extract the ratio γi with the true positive and true
negative ranges for each patient. For the breathing cycle BCi ,
we search the breathing curves to detect the local maxima and
minima. After detecting the first extrema, we set up the search-
ing range for the next extrema as 3–3.5 s [11]. Accordingly,
we can detect the next extrema within half a breathing cycle
because one breathing cycle is around 4 s [16]. The BCi is the
mean value of the consecutive maxima or minima. Fig. 7 shows

Fig. 6. Quantitative model analysis for the selection of cluster number.

Fig. 7. Frequency distribution of breathing cycle BCi for the breathing
datasets. The breathing cycles are variable from 2.9 s/cycle to 5.94 s/cycle,
with 3.91 s/cycle as the average time.

Fig. 8. Frequency distribution of ratio γi . Here γi is the ratio of the true
negative range RTN

i to the period of observation Ti ; thus, it is dimensionless.
The ratio γi for each breathing dataset is distributed from 0.02 to 1 with 0.92
as the average ratio value.

the frequency distribution of BCi for the breathing datasets. The
breathing cycles are distributed with a minimum of 2.9 s/cycle
and a maximum of 5.94 s/cycle. The average breathing cycle of
the breathing datasets is 3.91 s/cycle.

Fig. 8 shows the frequency distribution of the ratio γi . Here
γi is the ratio of the true negative range RTN

i to the period of
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Fig. 9. Representing regular breathing patterns: (a) patient number 1 with the ratio γ1 = 0.98, and (b) patient number 177 with the ratio γ177 = 0.98.

Fig. 10. Representing gray-level breathing patterns: (a) patient number 162 with the ratio γ162 = 0.87, and (b) patient number 413 with the ratio γ413 = 0.84.

observation Ti ; thus, it is dimensionless. The ratio γi for each
breathing dataset is distributed from 0.02 to 1 with 0.92 as the
average ratio value. In Fig. 8, we can see that the frequency
number of the regular breathing patterns is much higher than
that of the irregular breathing patterns in the given datasets. But
we can also see that it is not a simple binary classification to
decide which breathing patterns are regular or irregular because
the frequency distribution of the ratio is analog. We define the
vague breathing patterns with the ratio 0.8–0.87 as the gray-
level breathing pattern. We have shown the regular/irregular
gray-level breathing patterns among the entire dataset in the
following figures.

Fig. 9 shows regular breathing patterns in the given datasets.
There exist several irregular points depicted with green spots.
But most of breathing cycles have the regular patterns of breath-
ing curve. Note that the regular breathing patterns have a higher
ratio γi in comparison to the irregular breathing patterns.

Fig. 10 shows gray-level breathing patterns in the given
datasets. Even though the gray-level breathing patterns show
some consecutive irregular points, the overall breathing pat-
terns are almost identical as shown in Fig. 10. Fig. 11 shows

irregular breathing patterns in the given datasets. Note that the
breathing pattern in Fig. 11(b) with a very low ratio (γ317 =
0.51) is void of regular patterns and that there exists a mass of
irregular breathing points in Fig. 11.

E. Classifier Performance

An ROC curve is used to evaluate irregular breathing pat-
terns with true positive rates versus regular breathing patterns
with false positive rates. For the concrete analysis of the given
breathing datasets, we would like to show an ROC curve with re-
spect to different regular thresholds. In addition, we will change
the discrimination threshold by the period of observation Ti

to validate the performance of the proposed binary classifier
system. To predict the irregular breathing patterns from the pa-
tient datasets, we may evaluate the classification performance
by showing the following two ROC analyses:

In the first ROC, we may increase the threshold value ξm

defined in (16) in Section III-D from 0.1 to 0.99. By chang-
ing the observation period Ti to 900, 300, and 100 s, the
system may include the irregular breathing patterns extracted
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Fig. 11. Representing irregular breathing patterns: (a) patient number 125 with the ratio γ125 = 0.63, and (b) patient number 317 with the ratio γ317 = 0.51.

under the different parameters of ξm . Specifically, depending
on the observation period Ti , we would like to adjust the
threshold value ξm for the ROC evaluation of the proposed
classifier.

In the second ROC, we may increase the regular threshold
Ψth so that the patient datasets with the ratio γi of patient i may
be changed from true negative to true positive. For the analysis
based on the regular threshold, we extract the ratio γi of patient
i by changing the observation period Ti of 900, 300, and 100 s.
The regular threshold Ψth can be variable from 0.1 to 0.99,
especially by changing the regular threshold Ψth of 0.80, 0.85,
and 0.90, defined in Section IV-A. Depending on the regular
threshold Ψth , the ROC is analyzed for the performance of the
proposed classifier.

After we make a class for each breathing pattern, and an-
alyze breathing patterns to detect irregular patterns, the free
parameters of neural networks are determined by the 28 080
training samples of multiple patient datasets for each class,
where these samples are used as input with 10 iterations through
the process of providing the network and updating the net-
work’s free parameters. We evaluate the classification perfor-
mance whether the breathing patterns are irregular or regu-
lar to extract the true positive/negative ranges and the ratio
as shown in Fig. 12. To decide the regular/irregular breathing
pattern of the patient datasets, we have varied observation peri-
ods Ti for feature extraction with 900, 300, and 100 s. Fig. 12
shows ROC graphs to evaluate how different observation pe-
riods affect the classification performance. Here, we fixed the
regular threshold Ψth of 0.92 that is the mean value of the
ratio γi .

In Fig. 12, we can see that the proposed classifier shows
a better performance with a long observation period Ti . The
more observation periods we have, the better performance we
obtain in the proposed classifier. That means the classifier can
be improved by extending the observation period for feature
extraction.

Fig. 13 shows ROC graphs of irregular detection with differ-
ent regular thresholds Ψth of 0.8, 0.85, and 0.9. In this figure,
the ratio γi of patients i are extracted with observation periods
Ti of 100, 300, and 900 s.

Fig. 12. ROC graph of irregular detection with different observation period.

The different regular thresholds Ψth also affect the classifier
performance. The classifier performance is slightly improved by
lowering the regular thresholds. The smaller the regular thresh-
old Ψth , the better the classifier performance. Here, we notice
that the true positive rate for the proposed classifier is 97.83%
when the false positive rate is 50% in Fig. 13(c).

Based on the result of ROC graph in Fig. 13(c), we notice
that the breathing cycles of any given patient with a length of at
least 900 s can be classified reliably enough to adjust the safety
margin prior to therapy in the proposed classification. For the
overall analysis of the curve, we have shown the area under the
ROC curve (AUC) in Fig. 14. The AUC value can be increased
by lowering the regular threshold Ψth . The maximum AUCs for
observation period Ti of 100, 300, and 900 s are 0.77, 0.92, and
0.93, respectively. Based on Fig. 14, Fig. 13(a)–(c) picked 0.8,
0.85, and 0.9 for Ψth .

We show the computational efficiency of the proposed method
with CPU time used to train the proposed classifier with the
given sample sets and to classify the patient datasets for its
applicability to practical scenarios. The following table shows



1262 IEEE TRANSACTIONS ON INFORMATION TECHNOLOGY IN BIOMEDICINE, VOL. 16, NO. 6, NOVEMBER 2012

Fig. 13. ROC graph of irregular detection with different regular thresholds and
observation period; (a) observation period Ti = 100 s, (b) observation period
Ti = 300 s, and (c) observation period Ti = 900 s.

the CPU time used for the training and classification time of the
proposed algorithm for each class.

As shown in Table III, the CPU time used can be increased
with regard to the number of patients. The average computa-
tional time for each class is 289 ms per patient.

Some studies investigated the classification of regu-
lar/irregular breathing patterns for the detection of lung diseases
with spirometry [12]–[15]. Irregular breathing patterns can also
impact on the dosimetric treatment for lung tumors in stereo-
tactic body radiotherapy [6], [9], [10]. However, there are few

Fig. 14. Area under the ROC curve. The maximum AUCs for the observation
period Ti of 100, 300, and 900 s are 0.77, 0.92, and 0.93, respectively.

TABLE III
CPU TIME USED FOR THE COMPUTATIONAL EFFICIENCY

TABLE IV
CLASSIFIER STUDIES OF IRREGULAR BREATHING DETECTION

studies with the results on the classification of breathing irreg-
ularity in this area. The following table shows the classification
performance of irregular breathing detection using a variety of
respiratory measurement datasets.

Table IV shows the classification performances of the irreg-
ular detection with other methods and measurement datasets.
The existing classifier studies demonstrated that spirometry data
using an ANN-based approach could provide a good perfor-
mance of breathing classification, i.e., TPR 92.6% [13] and
97.5% [14]. Our proposed method can also provide similar or
better performance (TPR 97.8%) of breathing classification with
an EM/ANN-based approach. Please note that the classification
performance of the proposed method is based on breathing mo-
tion datasets of more than 400 patients. Sleep-disorder data
showed a better performance of 98% TP(TP+FP) [15]. How-
ever, sleep-disorder data are not applicable for breathing motion
assessment of lung cancer treatment in patients with usually
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compromised lung function; in addition, the breathing dataset
was limited to sleep-disordered breathing data of 74 patients.
Our proposed classification shows results of the classifier per-
formance of 97.83% TPR with 448 samples breathing motion
data. That means the proposed classifier can achieve acceptable
results comparable to the classifier studies using the spirometry
data.

The proposed method assumes that the data used to build the
classifier is representative enough of breathing patterns of other
subjects in general. It also assumes that the breathing pattern
of a human captured at some point in time before the treat-
ment is indicative of its future breathing patterns. The proposed
system with this value is not intended to be used as real time
classification system.

The proposed methodology is based on the three-coordinate
breathing datasets for external beam radiation treatment. Typ-
ically, radiation treatment is delivered after a planning process
in which X-ray imaging and advanced treatment planning are
prepared. Spirometry is not used for radiotherapy planning or
delivery except for breath hold treatment to which motion pre-
diction does not apply. Reasons for not using spirometry might
be that it does not provide any directional data and that it might
be not tolerable in all lung cancer patients to continuously moni-
tor respiration due to compromised lung function. The proposed
method with breathing datasets may provide clinical advantages
to adjust the dose rate before and during the external beam ra-
diotherapy for minimizing the safety margin.

V. CONCLUSIONS

In this paper, we have presented an irregular breathing clas-
sifier that is based on the regular ratio γ detected in multiple
patients’ datasets. Our new method has two main contributions
to classify irregular breathing patterns. The first contribution is
to propose a new approach to detect abnormal breathing pat-
terns with multiple patients’ breathing data that better reflect
tumor motion in a way needed for radiotherapy than spirometry
data. The second contribution is that the proposed new method
achieves the best irregular classification performance by adopt-
ing EM based on the Gaussian Mixture model with the usable
feature combination from the given feature extraction metrics.

The proposed irregular breathing classification used a regular
ratio to decide whether or not the current breathing patterns are
regular. The particular ratio value may be used to individually
adjust the margin size for radiation treatment delivery. The pa-
tients classified with regular breathing patterns would be treated
with tight margins to minimize projection span and thereby al-
low better normal tissue sparing. The patients classified with
irregular breathing patterns may have their safety margins ad-
justed based on the irregular patterns to cope with baseline
shifts or highly fluctuating amplitudes that are not covered by
population-based safety margins.

The recorded breathing motions of 448 patients include
regular and irregular patterns in our testbed. With the pro-
posed method, the breathing patterns can be divided into regu-
lar/irregular breathing patterns based on the regular ratio γ of
the true negative range to the period of observation. The exper-

imental results validated that our proposed irregular breathing
classifier can successfully detect irregular breathing patterns
based on the ratio, and that the breathing cycles of any given
patient with a minimum length of 900 s can be classified reli-
ably enough to adjust the safety margin prior to therapy in the
proposed classification.
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[27] A. Lanatà, E. P. Scilingo, E. Nardini, G. Loriga, R. Paradiso, and D.
De-Rossi, “Comparative evaluation of susceptibility to motion artifact in
different wearable systems for monitoring respiratory rate,” IEEE Trans.
Inf. Technol. Biomed., vol. 14, no. 2, pp. 378–386, Mar. 2010.

[28] A. P. King, K. S. Rhode, R. S. Razavi, and T. R. Schaeffter, “An adaptive
and predictive respiratory motion model for image-guided interventions:
Theory and first clinical application,” IEEE Trans. Med. Imag., vol. 28,
no. 12, pp. 2020–2032, Dec. 2009.

[29] J. Ehrhardt, R. Werner, A. Schmidt-Richberg, and H. Handels, “Statisti-
cal modeling of 4D respiratory lung motion using diffeomorphic image
registration,” IEEE Trans. Med. Imag., vol. 30, no. 2, pp. 251–265, Feb.
2011.

[30] W. Bai and S. M. Brady, “Motion correction and attenuation correction
for respiratory gated PET images,” IEEE Trans. Med. Imag., vol. 30, no. 2,
pp. 351–365, Feb. 2011.

[31] S. J. Lee, Y. Motai, and M. Murphy, “Respiratory motion estimation with
hybrid implementation of extended kalman filter,” IEEE Trans. Ind. Elec-
tron., vol. 59, no. 11, pp. 4421–4432, 2012.

[32] F. Pernkopf and D. Bouchaffra, “Genetic-based EM algorithm for learn-
ing Gaussian mixture models,” IEEE Trans. Pattern Anal. Mach. Intell.,
vol. 27, no. 8, pp. 1344–1348, Aug. 2005.

[33] P. Guo, C. L. P. Chen, and M. R. Lyu, “Cluster number selection for a
small set of samples using the Bayesian Ying-Yang model,” IEEE Trans.
Neural. Netw., vol. 13, no. 3, pp. 757–763, May 2002.

[34] J. Zhao and P. L. H. Yu, “Fast ML estimation for the mixture of factor
analyzers via an ECM algorithm,” IEEE Trans. Neural Netw., vol. 19,
no. 11, pp. 1956–1961, Nov. 2008.

[35] M. A. Kupinski, D. C. Edwards, M. L. Giger, and C. E. Metz, “Ideal
observer approximation using bayesian classification neural networks,”
IEEE Trans. Med. Imag., vol. 20, no. 9, pp. 886–899, Sep. 2001.

[36] V. Srinivasan, C. Eswaran, and N. Sriraam, “Approximate entropy-based
epileptic EEG detection using artificial neural networks,” IEEE Trans. Inf.
Technol. Biomed., vol. 11, no. 3, pp. 288–295, May 2007.

[37] S. Haykin, Neural Networks and Learning Machines, 3rd ed., Upper
Saddle River, NJ: Pearson, 2009.

[38] R. O. Duda, P. E. Hart, and D. G. Stork, Pattern Classification. Hobo-
ken, NJ: Wiley, 2001.

[39] Z. Li, D. Lin, and X. Tang, “Nonparametric discriminant analysis for
face recognition,” IEEE Trans. Pattern Anal. Mach. Intell., vol. 31, no. 4,
pp. 755–761, Apr. 2009.

[40] K. P. Burnham and D. R. Anderson, Model selection and multi-model
inference: a practical information-theoretic approach. New York:
Springer-Verlag, 2002.

[41] T. Fawcett, “An introduction to ROC analysis,” Pattern Recognit. Lett.,
vol. 27, no. 8, pp. 861–874, 2006.

Suk Jin Lee (S’11) received the B.Eng. degree in
electronic engineering and the M.Eng. degree in
telematics engineering from Pukyong National Uni-
versity, Busan, Korea, in 2003 and 2005, respectively,
and the Ph.D. degree in electrical and computer en-
gineering from Virginia Commonwealth University,
Richmond, VA, in 2012.

In 2007, he worked as a visiting research scientist
at GW Center for Networks Research, George Wash-
ington University, Washington, DC. His research in-
terests include network protocols, neural network,

target estimate, and classification.

Yuichi Motai (M’01) received the B.Eng. degree in
instrumentation engineering from Keio University,
Tokyo, Japan, in 1991, the M.Eng. degree in ap-
plied systems science from Kyoto University, Kyoto,
Japan, in 1993, and the Ph.D. degree in electrical and
computer engineering from Purdue University, West
Lafayette, IN, in 2002.

He is currently an Assistant Professor of elec-
trical and computer engineering in Virginia Com-
monwealth University, Richmond, VA. His research
interests include the broad area of sensory intelli-

gence, particularly in medical imaging, pattern recognition, computer vision,
and sensory-based robotics.

Elisabeth Weiss received the Graduate Degree from
the University of Würzburg, Germany, in 1990 and
received the doctorate degree in 1991. She completed
residency in radiation oncology at the University of
Göttingen, Göttingen, Germany, in 1997 after par-
ticipating in various residency programs in Berne
(Switzerland), Würzburg (Germany), and Tübingen
(Germany). She received an Academic Teacher’s de-
gree from the University of Goettingen in Germany,
in 2004.

She is currently a Professor in the Department of
Radiation Oncology and a Research Physician in the Medical Physics Division,
Virginia Commonwealth University (VCU), Richmond, where she is also in-
volved in the development of image-guided radiotherapy techniques and 4-D
radiotherapy of lung cancer.

Shumei S. Sun received the B.P.H. (Public Health)
degree from the College of Medicine, National
Taiwan University, Taipei, Taiwan in 1976, the M.S.
degree in applied mathematics and statistics from the
State University of New York, Cobleskill in 1980, and
the Ph.D. degree in biostatistics from the University
of Pittsburgh, PA, in 1983.

She is currently the Department Chair and Pro-
fessor in the Department of Biostatistics, School
of Medicine, Virginia Commonwealth University,
Richmond. Her research interests include the broad

area of understanding the natural history of human growth, body composition,
and risk factors for cardiovascular and related diseases in the human lifespan,
and to indirectly improve the quality of life through health promotion and dis-
ease prevention.



<<
  /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 /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /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

  /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 PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


