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Purpose: A system is presented for automated estimation of progression of interstitial lung disease
in serial thoracic CT scans.
Methods: The system compares corresponding 2D axial sections from baseline and follow-up scans
and concludes whether this pair of sections represents regression, progression, or unchanged disease
status. The correspondence between serial CT scans is achieved by intrapatient volumetric image
registration. The system classification function is trained with two different feature sets. Features in
the first set represent the intensity distribution of a difference image between the baseline and
follow-up CT sections. Features in the second set represent dissimilarities computed between the
baseline and follow-up images filtered with a bank of general purpose texture filters.
Results: In an experiment on 74 scan pairs, the system classification accuracies were 76.1% and
79.5% for the two feature sets, respectively, while the accuracies of two observer radiologist were
78.5% and 82%, respectively. The agreements of the system with the reference standard, measured
by weighted kappa statistics, were 0.611 and 0.683 for the two feature sets, respectively.
Conclusions: The system employing the second feature set showed good agreement with the
reference standard, and its accuracy approached that of two radiologists. © 2010 American Asso-
ciation of Physicists in Medicine. �DOI: 10.1118/1.3264662�
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I. INTRODUCTION

Interstitial lung disease �ILD� is a chronic inflammation of
the lung parenchyma, encompassing over 150 specific disor-
ders causing significant morbidity and mortality.1,2 In recent
years, computed tomography �CT� has received a central role
in the diagnostics of ILD.3,4 ILD manifests itself in CT im-
ages as a variety of abnormal patterns in the lung paren-
chyma. Clinical estimation of disease progression is based on
monitoring changes in those patterns, along with the results
of physiologic tests. A change in the visual extent of disease
over time is an important marker of response to therapy and
a predictor of mortality. In this work, we propose an auto-
mated system for assessment of interval changes in ILD
based on quantitative measurements in serial CT images.

Clinical literature conventionally agrees that an increase
in the overall extent of parenchymal abnormalities is associ-
ated with disease progression and a decrease with disease
regression. Disease extent is estimated visually by a radiolo-

gist. Although highly specialized chest radiologists show
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moderate agreement, most CT scans with ILD are interpreted
by general radiologists who might provide less reproducible
and accurate results. With the introduction of multidetector
CT that allows one to obtain near volumetric CT scans, the
amount of image data a radiologist has to go through in order
to compare two scans has increased considerably. This
makes the observational estimation of disease progression a
time-consuming task. A recent study5 showed that the times
required to assess ILD changes in a scan pair were on aver-
age of 123 and 79 s for a pair of nonaligned and aligned CT
scans, respectively. The same study reported a fairly low
intra- and interobserver agreement �Fleiss’ �=0.54 and 0.58
for nonaligned and aligned pairs, respectively�. Therefore,
the automation of ILD progression assessment is a clinically
valuable computer-aided diagnosis �CAD� application that
can offer reproducible and fast estimates of disease changes.

One possible approach to automation would be the auto-
mated estimation of the overall extent of parenchymal abnor-

malities computed as the accumulated extent of different ab-
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normal patterns. Recently, considerable advances have been
made by the medical computer vision community in the field
of texture classification in lung CT. In high resolution CT,
regions of interest from two-dimensional �2D� axial sections
were automatically classified into several texture categories
representative of ILD �see Refs. 6–8, for a review�. Auto-
matic classification of 3D volumes of interest �VOIs� from
multidetector CT scans showed a very good reproducibility
of the reference standard set by expert radiologists.9,10 There
is a gap, however, between classification of independent re-
gions and estimation of disease extent in the whole scan or
an axial section.

Not many attempts to bridge this gap have been made so
far. Reference 6 addressed the question whether a given CT
section contained a certain abnormal pattern. In Ref. 10, four
complete lung volumes were manually annotated, and these
annotations were compared with the output of an automated
classification system that classified every small VOI in the
lungs into four texture categories. The last study showed
statistically that the computer system agreed with the experts
as well as the experts agreed between themselves in labeling
these four subjects. To our knowledge, no work has been
published that directly uses the results of automated texture
classification in the estimation of change in overall disease
extent.

It should be noted that no reliable reference standard yet
exists for training a texture classification system. Present sys-
tems are trained on a single expert’s annotations or annota-
tions obtained by the consensus of a panel of experts. Mak-
ing such annotations is a laborious and time-consuming task
and leads to high intra-and interobserver variability.6,8

Reproducible quantitative CT measures have been inves-
tigated in studies directly related to the estimation of ILD
progression in serial CT scans. In Refs. 11 and 12 simple
statistical features were computed to characterize the distri-
bution of intensities of the lung volume: mean lung attenua-
tion, skewness and kurtosis in Ref. 12 and variance, contrast
and entropy in Ref. 11. Best et al.12 showed that all three
features changed significantly in patients with deteriorated
idiopathic pulmonary fibrosis �a clinical syndrome often as-
sociated with ILD�. Sumikawa et al.11 demonstrated signifi-
cant differences in measurements in 13 cases of nonspecific
interstitial pneumonia �a common subtype of ILD� before
and after treatment.

Our study is the first attempt to automatically assess ILD
progression in a patient using quantitative measurements
from a pair of CT scans. Disease progression is estimated
separately in the lower, middle, and upper parts of the lungs.
To this end, a pair of corresponding axial sections is ana-
lyzed in each part of the baseline and follow-up scans. Align-
ment of two scans is an important preprocessing step that
enables the retrieval of matching sections. Our system, ap-
plied to a pair of CT sections, yields an opinion whether the
second image in the pair corresponds to a higher, lower, or
equivalent extent of disease compared to the first image.

Two sets of quantitative features are investigated for use
with an automated analysis. The first set includes statistical

features which describe the intensity distribution of the dif-
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ference image computed between corresponding baseline
and follow-up CT sections. For the second set, we derive
new dissimilarity features from local texture features that
were previously shown to be able to characterize different
abnormal patterns associated with ILD.6,13 The dissimilari-
ties between individual texture features are used to directly
estimate the difference between two images, thereby skip-
ping classification of the lung parenchyma into different ab-
normal categories. In this way, we avoid the laborious and
unreliable step of obtaining manual annotations for training a
texture classification system.

This paper is organized as follows. A data set used for
training and validation of the system is described in Sec. II.
Section III gives the system overview and details each part.
Section IV describes the experimental setup and observer
study. The results are presented in Sec. V and discussed in
Sec. VI.

II. MATERIALS

II.A. Data set

Seventy five pairs of baseline and follow-up thoracic CT
scans of patients with histologically proven ILD were col-
lected from daily clinical practices of the University Medical
Center Utrecht �21 pairs� and St. Antonius Hospital Nieu-
wegein �54 pairs�, The Netherlands, between 2003 and 2007.
Types of ILD included sarcoidosis, idiopathic interstitial
pneumonias, and various immune and autoimmune disor-
ders. All patients that underwent more than one CT exami-
nation in the given period of time and had a confirmed ILD
diagnosis were included in the study except for those whose
scans exhibited severe motion artifacts. The time span be-
tween the baseline and follow-up scans varied from
1 month to 2 years. The data set comprised 40 male and 35
female patients, with a mean age of 53 years �range:
25–77 years� at the time of a baseline scan.

Images were obtained at full inspiration on a multidetec-
tor row scanner �Brilliance-16P, Mx8000 IDT 16, Brilliance-
40, or Brilliance-64, Philips Medical Systems, the Nether-
lands�, with standard or low-dose parameters for high-
resolution volumetric CT scanning. Collimation varied
between 0.625 mm �40-and 64-slice scanners� and 0.75 mm
�16-slice�. Slices of 0.9 mm thickness �40- and 64-slice� or
1 mm thickness �16-slice� were reconstructed every 0.7 mm
at the University Medical Center Utrecht. Slice thickness and
spacing were 0.8 mm �16-slice� in the St. Antonius Hospital
Nieuwegein. Exposure settings ranged between 15 and
180 mAs, with 120 or 140 kVp. All images had a per-slice
resolution of 512�512, with pixel spacing in the X and Y
directions varying from 0.3 to 0.8 mm.

II.B. Reference standard

Three axial sections used in the assessment of ILD pro-
gression were manually extracted from the baseline scan at
the approximate distance of 2 cm above the carina �the upper
part of the lungs�, 2 cm below the carina �the midpart�, and

at 1 cm above the diaphragm �the lower part�. The sequential
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numbers of extracted sections in the whole scan were noted.
Then, three sections with the same sequential numbers were
taken from the follow-up scan. Due to the previously ex-
ecuted image registration, the sections taken from the
follow-up scan were at the same level of anatomy as the
sections extracted from the baseline scan.

Corresponding pairs of CT sections were annotated by an
expert chest radiologist with more than 15 years of experi-
ence. In a side-by-side comparison, the expert classified a
change in disease extent in the follow-up sections. There
were eight classification categories—massive decrease �dis-
ease extent reduction �50%�, moderate decrease �10%–50%
reduction�, minor decrease �2%–10% reduction�, stable �any
change in the disease extent �2%�, minor increase �disease
extent increase of 2%–10%�, moderate increase �10%–50%
increase�, massive increase �increase �50%�, or the expert
could reject a pair altogether if the quality of one or both
images was deemed insufficient. During the annotation pro-
cess the expert had access to full CT scans, before and after
registration, as well as to previous pertinent radiological re-
ports. The expert was aware which of the two scans was
baseline—its sections were always projected on the left side
of the computer display.

The pairs were divided between the categories as follows:
massive decrease �27 pairs�, moderate decrease �17�, minor
decrease �11�, stable �105�, minor increase �24�, moderate
increase �20�, and massive increase �1 pair�. Twenty pairs of
CT sections were discarded by the expert because of motion
artifacts, registration misalignments, or a combination of
both. Motion artifacts deform the appearance of parenchyma
and obscure the difference between normal and abnormal
tissues which prevents both human observers and a comput-
erized analysis from correct interpretation. The misalignment
of a patient’s baseline and follow-up scans makes it impos-
sible to extract corresponding slices in the two scans, which
is a critical step in our analysis. Often, motion artifacts or
misalignments affected only a part of the lungs and only
sections from the affected parts were discarded. Among the
20 discarded pairs, however, 3 pairs were from the same
patient, which reduced the final number of participants in the
study to 74. In total, there were 205 pairs of CT sections
included in the study.

The “stable” category strongly prevails over any other
category in the data set, which is clinically realistic but un-
suitable for training a CAD system. Such an inequality in
class sizes can make classification biased toward a class that
is better represented in the training set. In order to make the
classification task more feasible we grouped together mas-
sive, moderate, and minor categories and defined three
classes, “regression,” stable, and “progression.” Furthermore,
we randomly selected pairs from each category to swap the
baseline and follow-up images and to change the pair label to
its opposite �e.g., moderate decrease to moderate increase�,
until we obtained the uniform distribution of massive, mod-
erate, and minor categories in regression and progression
classes. As a result, 28 cases with massive changes, 37 cases
with moderate changes, and 35 cases with minor changes

were equally divided between regression and progression
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classes: 14-14, 19-18, and 18-17 for massive, moderate, and
minor changes, respectively. The final distribution between
the classes was as follows: regression—included massive,
moderate, and minor decrease �51 pairs�; stable—as previ-
ously defined �105 pairs�; progression—included massive,
moderate, and minor increase �49 pairs�.

III. METHODS

III.A. System overview

The proposed automated analysis generally follows the
typical design of a CAD system. At first, images are prepro-
cessed and useful discriminatory features are computed from
them. This is followed by an automated analysis of patterns
described by computed features. The goal of the system is to
assign a pattern to the right class. The CAD system operates
in two phases. In the training phase, the system, equipped
with a classification function, or a classifier, learns the pa-
rameters of the classifier from a set of patterns which true
classes are known. In the testing phase, the trained classifier
is applied to new, previously unseen data. The system out-
puts either a class label or a probability for a pattern to be-
long to a certain class.

The preprocessing step of our system included intrapa-
tient registration of thoracic CT scans and subsequent 3D
segmentation of the lung fields. Then, three corresponding
2D sections from the upper, mid, and lower thirds of the
lungs were extracted from the baseline and follow-up scans.
We computed two different sets of features from pairs of 2D
CT sections. Each feature set characterized a textural change
between baseline and follow-up images. The first set of fea-
tures statistically described the intensity distribution of a dif-
ference image obtained by subtracting the baseline image
from the follow-up image. Features in the second set are
dissimilarities computed between the baseline and follow-up
images filtered with a bank of general purpose texture filters.

Two classification strategies were employed in the CAD
system. In the first strategy, a classifier used the intensity
distribution features to differentiate between three possible
categories of change: regression, stable, and progression. In
the second strategy, a two-stage classification was employed.
In the first stage, image pairs were classified into “changed”
and stable categories using the dissimilarity-based features.
Pairs, that were labeled as changed, were further classified
into regression or progression categories using the intensity
distribution features. The CAD system, using either strategy,
was evaluated by means of accuracy and weighted kappa
statistics, and its performance was compared to that of two
human observers.

III.B. Registration

Prior to the extraction of corresponding axial sections, the
baseline and follow-up 3D scans were aligned using a two-
step registration procedure. The scan to be deformed was
selected randomly in each pair. First, the images were
roughly aligned using an affine transformation. This was fol-

lowed by an elastic deformation that allows for nonrigid lung
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tissue alignment. The elastic deformation was modeled by a
B-spline grid.14 During registration, a similarity between two
images is maximized. For this purpose, mutual information
was used as the cost function15 in both steps. An iterative
stochastic gradient descent optimizer16 was applied. To avoid
local minima, a multiresolution approach was adopted. The
software package ELASTIX, version 3.90 was used. �elastix
can be downloaded from http://www.isi.uu.l/elastix.�

Both registration steps involved a multiresolution strategy
using a Gaussian image pyramid. For the initial affine trans-
formation, four resolutions were used, and five resolutions
were used for the nonrigid deformation. A maximum of 512
optimization iterations were performed in each resolution
level during the affine transformation. For the nonrigid de-
formation, the optimizer performed at most 512 iterations in
the first four resolution levels and 300 iterations in the last
resolution level. The B-spline grid spacing used in final res-
olution level was eight voxels. Registration was performed
on images downsampled by a factor of 2 in order to reduce
the computation time. The acquired transformation was then
applied to the full resolution scan. The computation time
required to register one image pair was 10 min on average on
a standard high-end PC, on a single core. After registration,
the two scans had the same dimensionality, with comparable
anatomy at the same level of sectioning.

III.C. Lung segmentation

The segmentation of the lung fields in 3D CT scans was
initially performed by an implementation of a conventional
lung segmentation algorithm.17,18 This fully automatic algo-
rithm exploits a rule-based approach to find the trachea, from
which the bronchi and lungs are grown. After the trachea and
main stem bronchi have been removed from the grown lung
region, the left and right lungs are labeled using another set
of rules, whereupon 3D hole filling and morphological clos-
ing are applied to each lung field separately.

Although generally reliable and fast, this algorithm has
limitations. Relying on the assumption of contrast in attenu-
ation between the lung parenchyma and the surrounding tis-
sue, it tends to undersegment the lung fields in scans con-
taining high density pathology �as often occurs with ILD�.
Occasionally, the algorithm was not even able to find the
trachea to start segmentation with. This happens when the
appearance of the trachea does not meet the assumptions
made by the algorithm.

Therefore a multiatlas segmentation-by-registration ap-
proach �MAS� was applied to scans where the conventional
approach failed. An atlas is an image with a known segmen-
tation, that is, registered to a test image. Several studies have
shown MAS to be a powerful segmentation tool.19,20 MAS
assumes that N atlases are registered to an image at hand
�target image�, resulting in N transformations from atlases to
the target image. Then, N segmentation masks of the target
image are obtained by applying corresponding transforma-
tions to the atlas segmentation masks. The final segmentation

of the target is obtained by the pixelwise majority voting,
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i.e., a voxel is assigned to the final segmentation mask if it
belongs to at least N /2 transformed atlas segmentation
masks.

In the end, the lung segmentation masks of baseline and
follow-up scans were merged by the “union” operation, and
the resulting mask was used in the subsequent computation
of features.

The lung segmentation was also performed on down-
sampled scans in our study. The conventional lung segmen-
tation method, that took on average 55 s per scan, failed in
28 CT scans out of 150. Five scans where the lungs were
successfully segmented by the conventional method served
as atlases for MAS. Registration parameters for MAS were
the same as for the intrapatient registration. Computation
time for MAS was approximately 50 min per scan. It should
be noted that such time-consuming operations as intrapatient
registration and lung segmentation can be performed before-
hand, e.g., simultaneously with an image acquisition, thus,
not compromising the computation time of the CAD system.

III.D. Features from difference image

Progression of ILD is associated with the extension of
abnormal patterns in a scan. Abnormal patterns typically in-
crease the opacity of lung parenchyma and therefore lead to
higher density values than normal parenchyma. This moti-
vated us to extract discriminatory features to describe inter-
val changes in ILD from the difference image between the
aligned follow-up and baseline scans. With no change in the
disease state between the two images, this difference image
should not exhibit much intensity variation in the lung fields.
Ideally, one would expect the intensity histogram of the lung
fields of the difference image to have a large symmetrical
peak around zero and a small standard deviation. If the dis-
ease state has changed over time, we would expect a biased
intensity histogram—toward positive numbers in the case of
disease progression and toward negative numbers in the case
of regression. This is illustrated in Fig. 1. In this figure, the
difference images corresponding to regression �Fig. 1�a�� or
progression �Fig. 1�c�� show more darker or brighter regions,
respectively, than the difference image of a stable case �Fig.
1�b��.

The difference image of the lung fields can be described
statistically in a number of ways. We used four statistical
features: three quartiles and the mean. The three quartiles
were the 25th percentile, the median, and the 75th percentile.
Prior to computing the features, the difference image was
filtered with the Gaussian filter at a scale of 2, in order to
decrease spurious registration discrepancies between the two
images. The areas outside the lung fields were masked out
and were ignored in the computation of the features.

III.E. Dissimilarity-based features

Features that only consider overall parenchyma density
changes simplify what happens during development of ILD.
Not only the amount but also the type of abnormal patterns
can change. For example, a typical sign of deterioration is

21
the substitution of ground glass opacities by fibrotic tissue.
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Such changes in patterns do not always result in an increase
in parenchymal opacity. On the other hand, there may always
be density variation in the difference image with causes un-
related to the progression of ILD, for example, different lev-
els of inspiration, imperfect registration, different signal-to-
noise ratios in the baseline and follow-up scans, etc. As a
result, image pairs with subtle changes in abnormal patterns
are likely to be confused with stable image pairs with com-
mon disparities if features extracted from them only charac-
terize the distribution of intensities in the difference image.
Figure 2 shows three cases with a change in the extent of
ILD where the histograms of their difference images are very
similar to the typical histogram of a stable case. To better
illustrate parenchymal changes related to ILD, corresponding
texture patches taken from the baseline and follow-up im-
ages in Figs. 2�a� and 2�b� are enlarged and presented in Fig.
3.

Following these considerations, we propose to extract and

FIG. 1. Examples of difference images and their intensity histograms. In ea
the same patient taken at different moments of time; difference image obtain
of the difference image. The histogram was computed from the lung fields on
the difference image was smoothed with a Gaussian ��=2�. Here the origin
compare the texture contents of the images in order to de-
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scribe interval changes in ILD. We start with a number of
texture features computed locally throughout the lung fields.
Then, the distribution of each feature is described by the
histogram, separately in the baseline and follow-up images.
Finally, a measure of dissimilarity between the two histo-
grams of each texture feature is computed. In this way, a pair
of images is characterized by a vector of dissimilarities in
texture. In the next subsection we describe the utilized tex-
ture features, and, subsequently, we detail how the dissimi-
larities were computed.

III.E.1. Local texture features

We used a set of general purpose texture features that
have been previously applied to the classification of abnor-
mal texture patterns in high resolution thoracic CT.6,13 These
features were four central statistical moments in eight filtered
versions of the original image, calculated on three scales.

w, from left to right: a pair of two corresponding registered CT sections of
subtracting the first CT section from the second one; normalized histogram
hich are outlined in the difference image. Prior to computing the histogram,

fference images are shown.
ch ro
ed by
ly, w
al di
The eight filters were the Gaussian, the Laplacian, the first
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order derivative of the Gaussian in three orientations be-
tween 0 and �, and the second order derivative of the Gauss-
ian in the same orientations. The scales � were 0.5, 1, and
2 pixels. Prior to filtering the image, pixel values in the lung
fields were mirrored outside the lungs symmetrically with
respect to the lung borders. This prevented a major distortion
in the filter output near the lung borders which is normally
caused by a large difference in appearance inside and outside
the lungs. The first four moments, i.e., the mean, standard
deviation, skewness, and kurtosis, were calculated from mul-
tiple regions of interest �ROIs�, placed in the lung fields, in
order to capture the local texture information. We used an
8�8 pixel spacing to define the centers of circular ROIs,
each of which had a radius of 16 pixels. On average, there
were 870 ROIs per image. In total, 96 features �8 filters
�3 scales�4 moments� were computed for each ROI.

III.E.2. Computation of dissimilarities

Each texture feature distribution was represented by a 64-

FIG. 2. Image pairs with changes in ILD extent whose difference image int
square patches of texture marked in �a� and �b� are enlarged and presented
bin normalized histogram, which resulted in 13–14 entries
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per bin, on average. The bin partitioning was determined on
a set of training images by computing the range of values for
each feature and splitting this into 64 equal intervals.

A number of comparison measures between two distribu-
tions have been proposed by the image retrieval community
�see, for example, Ref. 22, for a review�. They are conven-
tionally termed dissimilarity measures, and we adhere to this
term in this paper. Let us denote the histograms of feature f ,
computed from images A and B, as hf

A= �hf
A�i�� and hf

B

= �hf
B�i��, respectively, i being a bin index. A dissimilarity

measure between hf
A and hf

B is denoted d�hf
A ,hf

B�. Then, a
comparison measure between A and B is obtained as a vector
of dissimilarities D�x ,y�= �d�hf

A ,hf
B��, where f is a running

index through all available features.
In this study, the dissimilarity vector D of the same di-

mensionality as the number of local texture features was
computed between the baseline and follow-up images, and
this was used as a feature vector entering the second classi-

histograms are similar to that of a typical stable case. The corresponding
mparison in Figs. 3�a� and 3�b�, respectively.
ensity
fication strategy, detailed below.
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III.F. Classification

III.F.1. Strategy I

Our first classification approach exploited the intensity
distribution features computed from difference images. A
classifier was trained to distinguish between three classes of
temporal change: regression, stable, and progression. For
convenience, we call a pair of the baseline and follow-up
images a “training sample” when it is used by the automated
system to train the classifier and its correct class is known to
the system. A “test sample” is a pair that is new to the sys-
tem, and the system attempts to define its class using a clas-
sification rule it has learnt.

III.F.2. Strategy II

As noted in Sec. III E 2, the dissimilarity-based features
are intended to reflect how “far” from each other two images
are, without specifying the “direction” of change. These fea-
tures only enable the distinction between changed and stable
pairs of images. To be able to perform a three-class classifi-
cation with them, we developed the following strategy. First,
the dissimilarity-based features were used with a two-class
classifier that distinguishes between changed and stable pairs
of images. Next, we applied another two-class classifier to
those pairs that were labeled as changed by the first classifier.
The second classifier was trained to discriminate between
regression and progression cases. The same features com-
puted from difference images as used in strategy I were used

FIG. 3. Corresponding patches of texture in the baseline and follow-up CT
sections. In �a�, textural changes associated with ILD regression are shown
�left to right� and in �b� are textural changes associated with ILD progres-
sion. These are examples of subtle changes.
with the second classifier of strategy II.
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We assume that the introduction of the dissimilarity-based
features will improve the separation of changed and stable
pairs, based on the considerations introduced in Sec. III E.
The intensity distribution features insufficient on their own
for three-class classification, play a role in the combined sys-
tem because they are deemed distinctive for regression and
progression cases. Regression and progression difference im-
ages are opposite to each other in terms of intensity, there-
fore we expect the intensity distribution features to be able to
distinguish between them without the need for more sophis-
ticated features.

The k-NN classifier was employed in first stage of classi-
fication, and the LDA in the second stage. The k-NN classi-
fier is a nonparametric classifier. According to the k-NN rule,
the test sample is assigned the majority label of the nearest k
training samples. The free parameter k has to be chosen ex-
perimentally �k=15 in our system�. In this work, the fast
implementation of the k-NN classifier by Arya and Mount23

was used.

IV. EXPERIMENTS

IV.A. Experimental setup

Classification experiments in this study were performed
using the leave-one-out cross validation procedure. Cross
validation involves training a classifier n times, each time
leaving out one of the n disjoint data subsets from training,
and using only the omitted subset for validation. For leave-
one-out cross validation, n equals the sample size. This tech-
nique guarantees the optimal use of the available data.

We divided the data into training and test sets on the basis
of scans, not sections. Therefore, one to three image pairs of
the same patient were set aside in each leave-one-out itera-
tion. In this way, at no time did training and test sets contain
samples originating from the same scan pairs. For each clas-
sification strategy the system performed 74 classifications.
The final accuracy was computed from the outcomes of all
classifications.

For strategy II, classification was performed as follows in
each iteration of the leave-one-out procedure. In the first
stage the entire training set was used to train the classifier.
The training image pairs were relabeled from regression,
stable, and progression to changed and stable in order to
perform two-class classification. The second stage classifica-
tion was applied only to those test samples that were classi-
fied as changed in the first stage. To train the second classi-
fier, stable pairs were removed from the training set, thus, the
classifier was trained only with regression and progression
cases.

IV.B. Choice of system parameters

The system performance was evaluated with different
choices for distance measures and classifiers. We compared
the following distance measures: Minkowski distances of or-
ders of 1 and 2, �2 statistics, and Jeffrey divergence �see, for
example, Ref. 22 for details on these distance measures�.

Four different classifiers were considered to use with our
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system: the linear discriminant analysis �LDA�, the k nearest
neighbor classifier �k-NN�, and support vector machines with
linear and exponential kernels �see, for example, Ref. 24 for
the description of different classifiers�. Due to the large num-
ber of features in the first stage of strategy II, the principal
component analysis �PCA� was considered as the means of
dimensionality reduction prior to classification. We used the
same experimental data and the leave-one-out setup for com-
paring the classification systems with different parameters.

In both classification strategies, feature vectors were nor-
malized to zero mean and unit variance prior to classifica-
tion. Normalization parameters were estimated in the train-
ing data and used on the feature vectors of the test data.

IV.C. Observer study

In order to compare the performances of the two classifi-
cation strategies to that of radiologists, an observer study
was conducted. Observers were presented the same set of
205 registered pairs. Prior to that, pairs were randomly
shuffled, so that pairs of sections from the same scans �one to
three pairs� did not necessarily follow each other. Addition-
ally, before presenting each pair for a side-by-side compari-
son, the side of the display on which the baseline scan was
projected was randomly chosen. The observer was asked to
classify the extent of disease in the image on the right-hand
side compared to the image on the left-hand side. There were
three classification categories—decrease �disease extent re-
duction �2%�, stable �any change in the disease extent
�2%�, and increase �disease extent increase �2%�. Both

TABLE I. The performances of two classification strategies and two observ-
ers, measured on the same data set by accuracy and by weighted kappa �.
Here � measures the agreement of a rater with the reference standard.

Strategy I Strategy II Observer I Observer II

Accuracy 0.761 0.795 0.785 0.820
� 0.611 0.683 0.729 0.740

TABLE II. Contingency matrices of the two classifica
standard. Each row represents the reference standard.
observer. Class names are abbreviated: R for regress

True class

Strategy I

R S P

R 27 24 0
S 1 101 3
P 2 19 28

True class Observer I

R S P

R 47 3 1
S 15 66 24
P 1 0 48
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observers were chest radiologists in training. They were not
involved in setting the reference standard for the data in this
study.

V. RESULTS

The classification performances of the system and the ob-
servers were estimated by means of accuracy and weighted
kappa statistics. In the explanation of the results we use the
term “rater” to indicate either a computer system or a human
observer.

The LDA was the most accurate classifier for strategy I.
The best classification accuracy for strategy II was obtained
with the Minkowski distance of order of 1 �also known as the
city block distance� and k-NN classifier �k=15� in first stage
of classification and the LDA in the second stage. In this
work, the fast implementation of the k-NN classifier by Arya
and Mount23 was used. The classification accuracy in the first
stage of strategy II benefited from applying PCA. PCA re-
tained 99% of variance in the feature vector and reduced the
feature space to 48 components. In this section, the classifi-
cation results are given only for the best performing system.

Classification accuracy was calculated as the fraction of
correctly classified samples in the test data set. In Table I
accuracies are shown for each system and observer. The
kappa statistics is a popular measure of inter-rater agreement
on ordinal or nominal scales in medical research.25 We used
the linearly weighted kappa statistics26 which penalizes dis-
agreement between stable and regression or progression less
than disagreement between regression and progression. The
kappa statistics was computed for each rater versus the ref-
erence standard agreement as well as for inter-rater agree-
ment for all pairs of raters. The values of kappa are given in
Tables I and III, respectively. From Table I it follows that the
classification strategy II showed better accuracy and agree-
ment with the reference standard than strategy I, and the
accuracy of strategy II was close to that of human observers.

The corresponding contingency matrices are presented in
Table II. In each matrix, rows represent the reference stan-
dard and columns represent a rater’s opinion. Entries on a

trategies and the two observers versus the reference
column represents a class obtained by the system or
for stable, and P for progression.

True class

Strategy II

R S P

R 33 18 0
S 5 97 3
P 2 14 33

True class Observer II

R S P

R 38 13 0
S 8 92 5
P 1 10 38
tion s
Each

ion, S
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matrix diagonal show numbers of pairs correctly classified in
each class. The contingency matrices show different tenden-
cies in misclassification for different raters. For example, ob-
server I seems more sensitive to small differences in the
disease extent than the other raters. Observer I has the fewest
misclassifications in regression and progression categories,
but, at the same time, a lot of misclassifications of stable
cases for cases with change. The bias of the computer strat-
egies is different—both of them were inclined to erroneously
classify pairs with change as stable. The values of kappa in
Table III support this observation. Both classification strate-
gies show moderate agreement with observer I, but good
agreement with observer II. Observer II also shows good
agreement with observer I, which possibly indicates that ob-
server II did not have a clear classification tendency.

VI. DISCUSSION

Here we discuss the results in more detail.
Neither the classification strategies nor the observers had

much difficulty in correctly classifying obvious changes. As
mentioned in Sec. II B, the reference standard was initially
given on a seven-point scale, with two extreme points indi-
cating “massive decrease” and “massive increase,” respec-
tively. All 28 pairs in these categories were correctly classi-
fied as either regression or progression by both observers.
Strategy I correctly classified 25 pairs, making mistakes in
three pairs belonging to the same patient. Strategy II made
the same errors as strategy I and additionally misclassified
one pair. An example of a correctly classified case with mas-
sive disease progression is given in Fig. 1�c�. The three pairs
misclassified by both strategies exhibited a type of abnormal-
ity that was unique in the collected data set. This means that
the classification algorithms did not have an opportunity to
train on similar patterns. One of these three pairs is shown in
Fig. 2�a�. The histogram image in this figure suggests that
this pair might have been misclassified by strategy I even in
the presence of similar patterns in the training data because
the difference image intensity histogram does not reflect such
a subtle change.

Among 37 pairs with “moderate” changes, which meant
10%–50% decrease or increase in disease extent, both strat-
egy II and observer II made 6 errors, while observer I made
no errors, and strategy I made 16 errors. All errors pertained
to mislabeling a pair with change as a stable case. Only three
image pairs with moderate change, belonging to two differ-
ent patients, were misclassified by both strategies but cor-
rectly classified by both observers. Two of these three pairs
are shown in Figs. 4�a� and 4�b�. An example of a case with

TABLE III. Inter-rater agreement measured by weighted kappa.

Strategy I Strategy II Observer I

Strategy II 0.747
Observer I 0.444 0.505
Observer II 0.638 0.653 0.640
moderate disease regression correctly classified by all raters
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is given in Fig. 1�a�. Some cases were correctly classified by
one of the classification strategies but misclassified by ob-
server II: two examples are shown in Figs 4�c� and 4�d�.

Most misclassifications occurred for cases from the “mi-
nor decrease” and “minor increase” categories �2%–10%
change�, both for the observers and the classification algo-
rithms. Among 35 pairs with “minor” changes, half were
misclassified by observer II, and more than half by both clas-

FIG. 4. Examples of ILD progression classification in follow-up images.
Each example consists of a baseline CT section �left image� and a corre-
sponding follow-up CT section �right image�. Pairs �a� and �b�: each pair
exhibits moderate disease regression �between 10% and 50%� and was cor-
rectly classified by both human observers but misclassified by both classi-
fication strategies. Pairs �c� and �d�: each pair exhibits moderate disease
progression �between 10% and 50%� and was correctly classified by one or
both classification strategies, but misclassified by one of the human observ-
ers. Pairs �e� and �f�: each pair exhibits minor disease progression �between
2% and 10%�, but was misclassified for disease regression by both classifi-
cation strategies and one or both radiologists.
sification strategies. However, observer I made only five er-
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rors with these pairs. It is possible that the threshold of 2%
used in our protocol lies within statistical uncertainty and
cannot be used reliably. In the literature, thresholds of 10%
�Ref. 27� and 5% �Ref. 12� have been used to differentiate
between changed and stable diseases.

Very few errors were made by confusing regression and
progression cases: both computer strategies and observer I
made two errors, while observer II made one error. Only
three image pairs were misclassified in this way by all raters
jointly, two of them being from the same patient. The mis-
classified pairs always exhibited a minor change in disease
extent. Two of the three pairs, taken from different patients,
are shown in Figs. 4�e� and 4�f�. They clearly represent dif-
ficult cases.

The most evident difference between the two strategies is
the improvement of the recognition of change by strategy II
compared to strategy I, as seen from Table II. Figures 2�b�,
2�c�, and 4�d� demonstrate image pairs with ILD progression
that were classified correctly by strategy II but misclassified
as stable by strategy I. The observed improvement could be
attributed to a more appropriate set of features for discrimi-
nation between changed and stable image pairs employed in
the first stage of strategy II. Additionally, it should be noted
that the training set in the first stage of strategy II was bal-
anced, with approximately the same number of samples in
both changed and stable classes. At the same time, the train-
ing set in strategy I contained twice as many samples of the
stable class as either of the other two classes. This might
have negatively influenced the performance of strategy I.

The results obtained by our automated analysis were
promising because it exhibited good agreement with the
ground truth and accuracy close to that of human observers
��=0.683 and an accuracy 79.5% for strategy II�. The cur-
rent concept of CAD does not require a computer perfor-
mance to be better or equal to that of radiologists,28 but it
needs to be complementary to that of radiologists. It is inter-
esting to note that agreement between observer I and each
classification strategy was much lower than the agreement
between observer II and each strategies �for strategy II, �
=0.505 and �=0.653, respectively�. Because the accuracy of
strategy II was similar to that of observer I, it is likely that
observer I would benefit more from the complementarity of
the computer output. Conducting an observer study to show
whether using our CAD scheme improves the performance
of radiologists on this task is a topic for future research.

Several possible improvements in the system setup can be
identified.

We used a single expert’s annotations as the reference
standard. As we have already mentioned in Sec. I, manual
annotations are not considered reliable for training a texture
classification analysis because of low rating agreement. Our
task, however, required the estimation of overall disease ex-
tent, which should cause less intra- and interobserver vari-
abilities between experienced chest radiologists. As opposed
to labeling small regions of interest into multiple categories,
assessing disease extent is part of the daily clinical routine
for radiologists. In clinical studies on ILD prognosis and

progression, a single expert’s estimate is commonly referred
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to as the ground truth. For example, in Ref. 12, the visual
assessment of the disease extent was used as one of three
independent criteria to define a patient’s disease progression,
along with physiologic tests, such as total lung capacity and
the resting oxygen saturation level. Combining an expert’s
estimates, or estimates obtained by consensus, with the re-
sults of physiologic tests may improve the reliability and
consistency of our reference standard. Another improvement
of the training process would be the enlargement of the train-
ing data set, so that different abnormal patterns are suffi-
ciently represented. Evaluating the system on a different data
set, preferably, from another institution, is also a topic for
future research.

In order to train the classification system on well-
represented classes, we performed a balancing procedure de-
scribed in Sec. II B. In a number of randomly selected pairs
the baseline and follow-up images were swapped and the
class labels of such pairs were changed to opposite labels,
accordingly. But we do not know how legitimate such a pro-
cedure is from a clinical point of view, in other words,
whether an artificially created progression could be distin-
guished by a radiologist from the sequence of images repre-
senting a real disease progression. As a topic for future re-
search, an observer study could be conducted that
investigates its validity.

There is an inherent limitation of the system performance
related to the generalizing ability of dissimilarity-based fea-
tures. Dissimilarities computed over the whole lung fields are
likely to neglect some small local changes that would prob-
ably be revealed in dissimilarities over smaller areas. A re-
cent study10 showed a good performance in classification of
small VOIs by means of dissimilarities. In that study, a more
sophisticated dissimilarity measure than in our study and a
different way of histogram binning were used. Experiment-
ing with measures of dissimilarity between histograms, other
than those mentioned in Sec. III E, could be beneficial for
our system as well. Application of our system to regions
smaller than a CT section is also possible provided the
ground truth for smaller areas is available.

It is computationally efficient to train and apply auto-
mated analysis to two-dimensional CT sections. Modern
clinical practice requires, however, the analysis of 3D vol-
umes. In our system, image preprocessing �intrapatient reg-
istration and lung segmentation� is already done for full CT
scans. The computation of features and classification strate-
gies presented in this paper could be easily extended to 3D.
An alternative approach would be to apply our system sec-
tion by section to the 3D scan and subsequently fuse the
classification outcomes of individual sections into a decision
about the whole lung volume or its part. This approach might
be preferable to the direct 3D analysis because the general-
izing quality of dissimilarity features is likely to be enhanced
in 3D which will make the system less sensitive to small
changes.

VII. CONCLUSIONS

We have developed a classification system that performs

estimation of ILD progression in axial sections extracted
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from serial thoracic CT scans. To achieve this, our system
comprises nonrigid intrapatient image registration, multiatlas
lung segmentation, texture feature extraction, and computa-
tion and classification of dissimilarities. The system employ-
ing classification strategy II showed good agreement with the
reference standard, and its accuracy approached that of two
radiologists.
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