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We have been developing a computerized scheme to assist radiologists in improving the diagnostic
accuracy for lung cancers on low-dose computed tomography~LDCT! scans by use of similar
images for malignant nodules and benign nodules. A database of 415 LDCT scans including 73
cases with 76 confirmed cancers and 342 cases with 413 confirmed benign nodules was first
collected in an LDCT screening program for early detection of lung cancers in Nagano, Japan. An
observer study by use of receiver operating characteristics analysis was first conducted with five
radiologists to demonstrate that presenting similar images for malignant nodules and benign nod-
ules can significantly improve radiologists’ performance in the diagnosis of unknown nodules.
Another observer study was then conducted for obtaining reliable data on subjective similarity
ratings by 10 radiologists. Based on the subjective similarity ratings, three important features were
selected from a number of nodule features, and four different techniques for the determination of
similarity measures, namely, a feature-based technique, a pixel-value-difference based technique, a
cross-correlation-based technique, and a neural-network-based technique, were investigated and
evaluated in terms of the correlation coefficient with the subjective similarity ratings. The experi-
mental results in this study indicated that the neural-network-based technique can provide a reliable
psychophysical similarity measure which is comparable to the subjective similarity ratings for a
single radiologist when evaluated by use of correlation with the average similarity ratings for the
other nine radiologists. ©2003 American Association of Physicists in Medicine.
@DOI: 10.1118/1.1605351#
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I. INTRODUCTION

Lung cancer is the leading cause of deaths in the U.S. am
all types of cancer.1 It causes more than 150 000 deaths in
U.S. each year, which is more than the total number
deaths resulting from colon cancer, breast cancer, and p
tate cancer combined. Early detection and treatment of l
cancer are effective ways of improving the survival rate, a
have been attempted in the U.S. and Japan by use of c
puted tomography ~CT!.2–5 Computer-aided diagnosti
~CAD! schemes for nodule detection are effective meth
for assisting radiologists in the early detection of lung can
in thoracic CT scans.6–12The current CAD schemes for nod
ule detection in low-dose CT~LDCT! generally achieved a
detection sensitivity of 70%–85% with tens of false po
tives per case.

It is well-known that distinguishing between maligna
and benign lung nodules in CT scans is a difficult task
radiologists,13–16 and that a vast majority of lung nodule
detected in CT screening programs were benign and
were false positive findings.2–5 According to recent findings
on a lung cancer screening program with LDCT images, 5
~83%! of 605 patients with suspicious pulmonary nodu
were proved to have benign lesions, whereas only 105~17%!
patients were confirmed to have malignant nodules.5 There-
fore, a number of research groups have attempted to dev
2584 Med. Phys. 30 „10…, October 2003 0094-2405 Õ2003Õ30„
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CAD schemes for nodule differentiation in CT images
order to achieve a low false positive~benign nodule!
rate.17–22 These CAD schemes generally achieved an
value of 0.85–0.95 for the distinction between benign a
malignant nodules. It should be noted that these C
schemes were based on high resolution CT images, prob
because LDCT images are generally considered to be in
propriate for diagnosing nodule.

We believe, however, that LDCT images are still use
for nodule diagnosis, if radiologists can confidently elimina
some benign nodules based on LDCT findings, thus to av
some unnecessary further examinations. In this study, we
tempted to improve radiologists’ diagnosis accuracy ba
on LDCT images by presenting a set of images of malign
and benign nodules similar to an unknown new case to
diagnosed. The reason for presenting similar images is ba
on the fact that radiologists learn diagnostic skills by obse
ing many clinical cases during their training and clinic
practice, and their knowledge obtained from visual impr
sion of images with various diseases constitutes the foun
tion for their diagnosis. In a similar study, Sklanskyet al.
attempted to develop a mapped-database diagnostic sy
to reduce the number of benign breast lesions recommen
for biopsy and the number of misdiagnosed cancers
mammograms.23 Their system was designed to map the m
258410…Õ2584Õ10Õ$20.00 © 2003 Am. Assoc. Phys. Med.
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tidimensional feature vectors representing the unknown
sion and known lesions into a 2D space, to show the
space on a computer screen, and thus to help the radiolo
manually find confirmed malignant and/or benign ROIs
sually similar to the ROI containing an unknown lesion. T
similarity measure between the searched similar lesions
the unknown lesion was not evaluated. Content-based im
retrieval is another active research field that employs so
common ideas with this study.24–26However, in the content-
based image retrieval technique, two images are consid
as being ‘‘similar’’ as long as they are in the same categ
~human portrait, landscape with mountain and beach,
indoor scene, etc.!, even though they may differ in man
aspects and may not be visually similar at all.

Two fundamental issues related to the concept of sim
images are~1! how radiologists perceive subjectively th
similarity between two nodules, and~2! how one can deter
mine a reliable similarity measure that would agree well w
the subjective similarity according to radiologists’ judgme
If the ‘‘similar’’ nodules determined by a computerize
scheme are not similar to the unknown nodule in terms
radiologists’ visual perception, those nodules would not
useful in assisting radiologists in the diagnosis of the
known nodule. Therefore, we conducted an observer st
with ten radiologists to acquire basic data regarding the s
jective similarity ratings which may be related to radiol
gists’ visual perception. Based on these experimental d
we investigated the importance of individual image featu
and the combination of multiple image features, and we
sessed several techniques~such as the use of artificial neur
networks! for determination of a reliable similarity measu
in order to provide a logical and scientific basis for the
lection of similar images for malignant and benign nodul
Methods for measuring subjective ratings in general, part
larly in image quality, have been developed by Rocke
et al.27 and Goodet al.28

II. MATERIALS

From May 1996 to March 1999, 17 892 examinations
7847 individuals~with an average age of 66 years! were
performed as part of an annual low-dose helical CT~LDCT!
screening program for early detection of lung cancers in
gano, Japan.3–5 There were 7847 initial examinations pe
formed in the first year, and 5025 and 5020 repeat exam
tions performed in the following two years. Six hundred a
five patients were found with 747 suspicious pulmonary n
ules ~,30 mm! in LDCT, among whom 73 patients wer
confirmed with 76 primary lung cancer by surgery or biop
and 342 patients were confirmed with 413 benign nodules
diagnostic CT, two year follow-up examinations, or surge
The other patients were suspected to have either maligna
benign nodules, although confirmation was not made
these patients.

A mobile unit equipped with a CT scanner~W950SR,
Hitachi, Tokyo! was used for scanning the chest with 10 m
collimation and 10 mm reconstruction interval. Each sect
consisted of 5123512 pixels, with a pixel size of 0.586 mm
Medical Physics, Vol. 30, No. 10, October 2003
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and 4096~12 bits! gray levels in Hounsfield units. The siz
ranged from 6 mm to 30 mm~average, 13 mm; standar
deviation, 5.4 mm! for malignant nodules, and from 3 mm t
30 mm ~average, 9 mm; standard deviation, 4.3 mm! for
benign nodules. The location of nodules was identified b
chest radiologist for each of the 489 confirmed nodules~76
malignant, and 413 benign!, and a region of interest~ROI! of
42342 mm2 ~72372 pixels! was then obtained at the cent
of a nodule. The ROI size of 42342 mm2 was empirically
determined because it was considered to be large enoug
completely contain the nodules employed in this stu
When a nodule was observed in multiple sections, we u
only one ROI from the section in which the nodule had t
largest area. The 489 ROIs with 76 confirmed malign
nodules and 413 confirmed benign nodules constituted
database used in this study.

III. METHODS AND RESULTS

A. Usefulness of similar images in assisting
radiologists diagnosing lung nodules
in low-dose CT images

In order to verify whether similar images for maligna
and benign nodules can assist radiologists in improving th
performance in the diagnosis of an unknown nodule in
scans, we conducted an observer study in which five radi
gists rated the likelihood of malignancy for the unknow
nodule without and with the similar nodules. We then eva
ated the radiologists’ performance without and with the
of similar nodules by use of receiver operating characteris
~ROC! analysis.

1. Methods

We employed a feature-based technique to search
similar malignant and benign nodules with respect to
unknown nodule to be diagnosed. To do so, a nodule
first segmented from background by using a region grow
technique29–31 and a dynamic programming ~DP!
technique,32–34 and then three features, i.e., effective dia
eter, degree of circularity, and contrast, were determin
from the segmented nodule. We selected these three fea
because they are fundamental image features related to
characterization of a lung nodule by radiologists, and a
because we had little knowledge as to which features
effective in the determination of a similarity measure wh
we conducted this observer study. Therefore, the techn
for determination of similar nodules described in this sect
was preliminary, and has been improved significantly, as w
be described later. Each of the three features was norma
such that the mean and the standard deviation of the fea
for the set of 489 nodules were 0 and 1, respectively. Fina
a similarity measure was defined in the three-dimensio
~3D! feature space as the distance between two nodules,

d2~ f ,g!5~ u f ~1!2g~1!u21u f ~2!2g~2!u2

1u f ~3!2g~3!u2!/3,
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2586 Li et al. : Investigation of new psychophysical measures 2586
where f 5$ f (1),f (2),f (3)% and g5$g(1),g(2),g(3)% are
the 3D feature vectors representing the two nodules, res
tively, andd( f ,g) is the similarity measure between the tw
nodules. The smaller this similarity measure, the more si
lar the two nodules would be because the features for the
nodules would become similar.

We first randomly selected 36 nodules as unknown o
from the set of 489 nodules~76 malignant, and 413 benign!.
One half~18! of the unknown nodules were malignant, a
the other half~18! were benign. For each of the unknow
nodules, we selected the three most similar malignant n
ules and the three most similar benign nodules from the
maining 58 malignant nodules and 395 benign nodules,
spectively, by use of the above feature-based simila
measure. Five radiologists participated in this observer st
none of whom has viewed the nodules in the database be
the study. For each of the unknown nodules, a participa
radiologist first rated the likelihood of malignancy based
the observation of the unknown nodule only by marking h
her level of confidence on a line with a continuous rati
scale, where the right and left ends of the scale represe
definite malignancy and definite benignancy, respectiv
Then, the three most similar malignant nodules and the th
most similar benign nodules were presented adjacent to
unknown nodule and were shown to the radiologist. Figur
illustrates an unknown nodule together with three ben
nodules~left-hand side! and three malignant nodules~right-
hand side!. The radiologist was asked to re-rate the like
hood of malignancy for the unknown nodule after havi
observed the similar nodules. If the unknown nodule m
closely resembles the similar malignant~benign! nodules, it
is likely that the radiologist would increase~decrease! the
likelihood of malignancy for the unknown nodule. The o
server could maintain his/her initial rating if the similar no
ules did not provide any new information for his/her jud

FIG. 1. Illustration for the diagnosis of an unknown nodule with the aid
similar images for three benign nodules and three malignant nodules.
Medical Physics, Vol. 30, No. 10, October 2003
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ment. Therefore, for each of the unknown nodules, th
were two ratings for the likelihood of malignancy, withou
and with the aid of similar nodules, respectively. There w
no time limit for radiologists to make their decisions.

2. Results

The performance of the five radiologists without and w
the aid of similar nodules was evaluated by use of RO
analysis.35,36 We employed LABMRMC to calculate the av
erage ROC curves and the average Az values~the area under
the ROC curve! for the two observation conditions~without
or with similar nodules!, and to test whether there is signifi
cant difference between the two average Az values. Figu
shows the average ROC curves for the five radiologists in
diagnosis of lung nodules without and with the aid of simi
nodules. The Az value for the average performance of
five radiologists was significantly increased from 0.56
0.63 with the aid of similar nodules (P,0.01). In fact, all
radiologists improved their performance with the aid of sim
lar nodules, and the increase in Az values ranged from 0
to 0.12. Therefore, we believe that the radiologists’ perf
mance in the diagnosis of lung nodules in CT images can
improved significantly with the aid of similar nodules.
should be noted that the Az values in this observer st
were quite low, because the diagnosis of lung nodules
LDCT images is very difficult.

B. Determination of subjective similarity ratings
by use of an observer study

1. Methods

We conducted another observer study in order to acq
knowledge concerning the visual perception~or impression!

f

FIG. 2. Comparison of ROC curves for the average performance of the
radiologists in the diagnosis of lung nodules without and with the aid
similar malignant and benign nodules.
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of similar images by human observers. From this obser
study, we wanted to obtain basic data as to how reliable
subjective similarity ratings are, how to improve the reliab
ity of the subjective similarity ratings, and how to utilize th
subjective similarity ratings to improve our computeriz
scheme for evaluation of similar images. We employed
same preliminary technique described above for determ
tion of similar nodules by use of the distance between t
3D feature vectors consisting of effective diameter, degre
circularity, and contrast. Although some of the pairs of no
ules selected by the preliminary technique were not sim
dissimilar pairs of nodules were also useful and necessa
be included in this observer study so that a wide range
radiologists’ responses on subjective similarities could be
cluded in the data analysis.

We randomly selected 20 ‘‘unknown’’ nodules~11 malig-
nant and 9 benign! from the set of 489 nodules, and the
determined six ‘‘similar’’ malignant and six ‘‘similar’’ benign
nodules for each ‘‘unknown’’ nodule by use of the prelim
nary technique described above. Therefore, a total of
~20312! pairs of nodules were employed in this observ
study. It should be noted that a nodule may be selected
‘‘similar’’ one for more than once. For example, 20 nodul
were selected as similar one for once, 12 nodules for twic
nodules for 3 times, etc. The most frequently selected nod
even appeared as similar one for as many as 10 times.
radiologists and 10 physicists participated in the obser
study. Each of them rated the subjective similarity indep
dently based on the overall impression for each of the
pairs of nodules, with the following rating scores:

0, the two nodules are not similar;

1, the two nodules are somewhat similar;

2, the two nodules are very similar;

3, the two nodules are almost identical.

The observers were allowed to use fractional numbers, s
as 1.1, 1.2, or 1.3, to express a similarity rating.

2. Results

We found in this study that there was a large variat
among the subjective similarity ratings assessed by in
vidual radiologists. The average correlation coefficient for
pairs of two radiologists among the 10 radiologists was o
0.47. Therefore, it is difficult to obtain reliable subjectiv
similarity ratings from a single radiologist. We also calc
lated the average correlation coefficient between the sim
ity ratings of a single radiologist and the average similar
ratings of the other nine radiologists. To do so, a radiologi
similarity ratings were temporarily excluded, and the avera
similarity ratings for the other nine radiologists were co
puted. The correlation coefficient between this average s
larity ratings and the radiologist’s similarity ratings that we
temporarily excluded was calculated. This process was
peated 10 times, namely, once for each of the 10 radiolog
The average correlation coefficient for the 10 iterations w
calculated to be 0.62, which is significantly higher than
Medical Physics, Vol. 30, No. 10, October 2003
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average correlation coefficient value of 0.47 for all pairs
two radiologists. It is apparent that the reliability of the a
erage similarity ratings for nine radiologists was improv
compared with that of a single radiologist. In order to illu
trate the reliability of the average similarity ratings for all 1
radiologists, Fig. 3 shows the relationship between the a
age subjective similarity ratings assessed by 10 radiolog
and 10 physicists. It is apparent in Fig. 3 that the aver
subjective similarity ratings assessed by the 10 radiolog
correlate well with those assessed by the 10 physicists.
correlation coefficient between the two average similar
ratings was 0.88, which is a remarkably high value compa
with that between two radiologists. Therefore, we will em
ploy as ‘‘gold standard’’ the average subjective similar
ratings assessed by the 10 radiologists to improve our c
puterized scheme for the determination of similarity me
sures. It may be important to note that the subjective ju
ments on the similarity of lung nodules in LDCT b
nonmedically trained human observers~10 physicists! ap-
peared to be highly correlated with and thus very similar
those by radiologists. However, the issues related to sub
tive judgment by different groups of observers need to
investigated further.

C. Determination of similarity measures

1. Methods

Although an automated technique for nodule segmen
tion was employed for determination of a similarity measu
in the initial observer studies above, it appears that m
accurate results for the similarity measures can be obta
by use of the nodule outlines manually delineated by ra
ologists, because even relatively small errors in nodule s

FIG. 3. Relationship between the average subjective similarity ratings
sessed by 10 radiologists and 10 physicists. The solid line shows regre
line and the two dashed lines indicate one standard deviation from the
gression line.
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2588 Li et al. : Investigation of new psychophysical measures 2588
mentation seem greatly to affect the accuracy of features
thus the similarity measures. Therefore, a radiologist ma
ally delineated the outline for each of the 489 nodules, wh
were employed for computation of nodule features herea
In addition to the delineated nodule region in the ROI,
also automatically determined a ring-shaped background
gion with a width of 5 mm which was immediately adjace
to the nodule outline. This nodule background region w
employed for calculation of some features such as the c
trast.

(a) Determination of similarity measures based on nod
features: Table I shows the definition and the significan
of the seven features@effective diameter, degree of circula
ity, degree of irregularity, CT value, contrast, pixel standa
deviation, and radial gradient index~RGI!# employed in this
study for the determination of similarity measures. The
features were selected because they were considered
important to radiologists in their distinction between mal
nant and benign nodules.37,38We then determined the Euclid
ean distanced( f ,g) between a pair of nodules in featu
space,

d2~ f ,g!5
1

N S (
m51

N

u f ~m!2g~m!u2D , ~1!

where f 5$ f (1),f (2),...,f (N)% and g5$g(1),g(2),
...,g(N)% are theN-dimensional feature vectors for the tw

TABLE I. Features employed for the determination of similarity measure

Feature Definition Significance

Effective
diameter

Diameter of an ‘‘equivalent’’
circle with the same area as
that of the nodule

Malignant nodules have
larger diameter value

Degree of
circularity

Ratio of the overlap area
of the nodule and the
equivalent circle to the
total area of the nodule

Malignant nodules have
smaller circularity value

Degree of
irregularity

One minus the ratio of the
perimeter of the equivalent
circle to that of the nodule

Malignant nodules have
larger irregularity value

CT value Average CT value over
a 737 region at the center
of the nodule

Malignant nodules have
smaller CT value

Contrast Difference in average CT
value between the 737
region above and the
ring-shaped background
region

Malignant nodules have
smaller contrast value

Pixel standard
deviation

Standard deviation of
the pixel values over
the nodule

Malignant nodules have
larger value

Radial gradient
index ~RGI!

Ratio of average magnitude
value of edge gradient
projected to the radial
direction to that of edge
gradient without projection

Malignant nodules have
smaller RGI value
Medical Physics, Vol. 30, No. 10, October 2003
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nodules, respectively. A disadvantage in using the above
tance as a similarity measure is its reverse correlation~i.e.,
negative correlation coefficient! with the subjective similar-
ity rating. To address this problem, we employed the follo
ing exponential function for conversion of the distance in t
feature space to a similarity measure:

s~ f ,g!533e2A3d~ f ,g!,

wheres( f ,g) is the similarity measure,d( f ,g) is the Euclid-
ean distance in the feature space, andA is a constant to be
determined. A scaling factor of 3 was used to adjust
similarity measure in the same range as that for subjec
similarity ratings. The constantA was equal to 0.98 in this
study; it was determined automatically by use of a le
square method39 for maximizing the correlation coefficien
between the similarity measures( f ,g) and the subjective
similarity ratings by 10 radiologists for the 240 pairs of no
ules. Various combinations of features were tested, and t
performance for the determination of similarity measu
was compared, as will be described later.

(b) Determination of similarity measures based on t
pixel-value-difference technique:The similarity measure
defined above is based on the similarity of the features fo
pair of nodules. The technique employed in this section
based on the pixel values of the two images to
compared.40 We first calculate the root mean square~RMS!
difference in pixel values between the two nodules in ROI
andJ by the following equation:

d2~ I ,J!5
1

uDu S (
~m,n! in D

uI ~m,n!2J~m,n!u2D ,

whereD is the intersection of two regions in the two ROI
each of which includes the nodule area and the ring-sha
background area; anduDu is the number of pixels inside th
regionD. We then employed another exponential function
convert the RMS pixel difference into a similarity measu
that has a positive correlation coefficient with the subject
similarity rating, i.e.,

s~ I ,J!533e2B3d~ I ,J!,

wheres(I ,J) is the similarity measure,d(I ,J) is the RMS
pixel difference, andB is a constant. In this study, the con
stantB was determined to be 0.008 by use of the least squ
method39 for maximizing the correlation coefficient betwee
the similarity measures(I ,J) and the subjective similarity
ratings for the 240 pairs of nodules.

(c) Determination of similarity measures based on cro
correlation technique: We also employed a cross
correlation technique for the determination of a similar
measure between two images to be compared. The cr
correlation coefficient was defined by

c2~ I ,J!5
1

uDu S (
~m,n!PD

$I ~m,n!2 Ī %$J~m,n!2 J̄%

s IsJ
D ,

wherec(I ,J) is the cross-correlation coefficient between t
two nodules in ROIsI and J; D is a region defined in the
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above section;uDu is the number of pixels insideD; Ī ands I

are the mean and the standard deviation of the pixel va
inside regionD of the ROI I, respectively; andJ̄ andsJ are
the mean and the standard deviation of the pixel values
side regionD of the ROIJ, respectively. The mean and th
standard deviation of the pixel values inside regionD of
ROIs I andJ are defined by the following equations:

Ī 5
1

uDu S (
~m,n!PD

I ~m,n! D , J̄5
1

uDu S (
~m,n!PD

J~m,n! D ,

s I
25

1

uDu S (
~m,n!PD

uI ~m,n!2 Ī u2D ,

sJ
25

1

uDu S (
~m,n!PD

uJ~m,n!2 J̄u2D .

Again, an exponential function was employed to convert
cross-correlation coefficient to a similarity measure who
range is the same as that of subjective similarity ratings,

s~ I ,J!533e2C3~12c~ I ,J!!,

wheres(I ,J) is the similarity measure,c(I ,J) is the cross
correlation coefficient, andC is a coefficient of 5.47 deter
mined by use of the least square method39 for maximizing
the correlation coefficient between the similarity meas
s(I ,J) and the subjective similarity ratings for the 240 pa
of nodules.

(d) Determination of psychophysical similarity measu
by use of an artificial neural network:We used an artificial
neural network~ANN! for the determination of a psycho
physical similarity measure based not only on the objec
features and objective measures, but also on the subje
similarity ratings. We employed a three-layer ANN with a
input layer, an output layer, and a hidden layer.37,41,42 The
input units represented various objective features/meas
determined from a pair of nodules to be compared, and
single output unit represented a new similarity measure
the pair of nodules. In the process of training for the AN
the subjective similarity ratings were employed as the tea
ing signal, i.e., the output of the ANN. It should be note
therefore, that the ANN was trained to learn the relations
between the various objective features/measures of two
ules and the corresponding subjective similarity ratings
radiologists. Thus, once training was completed, the AN
output would provide a psychophysical similarity measu
for a given set of objective features/measures which wo
correlate well with the subjective similarity ratings. In th
study, a round-robin~leave-one-out! method was used fo
verifying the effectiveness of the ANN. With this metho
one pair of nodules was excluded from the 240 pairs of n
ules, and the remaining 239 pairs were used for training
the ANN. After the ANN was trained, the objective feature
measures for the pair of nodules excluded for training w
entered as inputs to the ANN for determination of a psyc
physical similarity measure. This process was repeated
each of the 240 pairs of nodules one by one, until all p
chophysical similarity measures for the 240 pairs of nodu
Medical Physics, Vol. 30, No. 10, October 2003
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were calculated. Various combinations of objective featur
measures for inputs of ANNs were tested, and their per
mance for the determination of the psychophysical simila
measures were compared, as will be described later.

2. Results

In this study, the quality of a computed similarity measu
was evaluated by use of the correlation coefficient with
subjective similarity ratings assessed by ten radiologists
the 240 pairs of nodules. The greater the correlation coe
cient, the more important the computed similarity measure
the determination of similar images. For the feature-ba
method, we first attempted to evaluate the importance
each feature for the determination of similarity measur
Table II lists the correlation coefficients and their 95% co
fidence intervals43 between the subjective similarity rating
and the feature-based similarity measures by use of eac
the seven features. It is apparent that nodule size~effective
diameter!, nodule contrast~contrast and CT value! provide
moderate correlation values with the subjective similar
measures by 10 radiologists. Pixel value variation ove
nodule ~pixel standard deviation and radial gradient inde!
and the degree of circularity provide relatively weak cor
lations with the subjective similarity measures. It should
noted that the degree of irregularity, which is generally co
sidered to be important and frequently employed for the d
tinction between malignant nodules and benign nodu
does not seem to have correlation with the subjective si
larity ratings by 10 radiologists.

For evaluating the importance of the combinations
multiple features, the feature-based similarity measures w
calculated for multiple features. We found that the combin
tion of effective diameter and CT value provided a go
result among all possible combinations of two features;
correlation coefficient between the similarity measure a
the similarity rating was 0.57. The combination of effecti
diameter, CT value, and RGI provided another good re
~correlation coefficient of 0.60! among all possible combina
tions of three features. We also investigated the simila
measures by use of more than three features, and we fo
that their benefits were either negligible or decreased c
pared with the use of the combination of the effective dia

TABLE II. Correlation coefficients and their 95% confidence intervals b
tween the subjective similarity ratings assessed by 10 radiologists and
computed similarity measures by use of each of the seven features.

Feature used for determination
of similarity measures

Correlation
coefficient

Confidence
interval

Effective diameter 0.48 ~0.38,0.57!
CT value 0.35 ~0.23,0.46!
Contrast 0.32 ~0.20,0.43!
Standard deviation 0.28 ~0.16,0.39!
Radial gradient index 0.24 ~0.12,0.36!
Degree of circularity 0.24 ~0.12,0.36!
Degree of irregularity 20.02 ~20.15,0.11!



fe
o

%
t-
th
os
a

th
e

fo
sy
re

ica
o
hr

it
in

d
es.

ces
tion

nd-
the
he
-
a-
ob-

res

.
the
e-
ef-
-
on

ical

40
ient
the
as

ter-
acy
b-

-

ased
ists.
lue

d the
ine.

e
ute
se

be
d t
s
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eter, CT value, and RGI. Therefore, we used these three
tures in our computerized scheme for determination
similar images.

Table III lists the correlation coefficients and their 95
confidence intervals43 between the subjective similarity ra
ings and the computed similarity measures by use of
feature-based, the pixel-value-difference-based, the cr
correlation-based, and the ANN-based techniques. It is
parent that the feature-based technique~0.60! provided supe-
rior result to the pixel-value-difference-based~0.49! and the
cross-correlation-based techniques~0.45!. However, the psy-
chophysical similarity measure determined by use of
ANN-based technique provided the highest correlation co
ficient ~0.72! among the techniques that we investigated.

Various combinations of objective features/measures
inputs of ANNs were tested for the determination of the p
chophysical similarity measures. Table IV shows the cor
lation coefficients and their 95% confidence intervals43 be-
tween the subjective similarity ratings and psychophys
similarity measures obtained with different combinations
objective features/measures. It should be noted that the t
features~effective diameter, CT value, and RGI! used in the
ANNs were first selected based on their high correlation w
the subjective similarity ratings. For the first three ANNs
Table IV, the inputs of the ANNs included~a! six features
~three from each of the two nodules to be compared!, ~b!

TABLE III. Correlation coefficients and their 95% confidence intervals b
tween the subjective similarity ratings by 10 radiologists and the comp
similarity measures by use of feature-based, pixel-value-difference-ba
cross-correlation-based, and ANN-based techniques.

Techniques
Correlation
coefficient

Confidence
interval

Feature-based~effective diameter,
CT value, and radial gradient index!

0.60 ~0.51,0.68!

Pixel-value-difference-based 0.49 ~0.39,0.58!
Cross-correlation-based 0.45 ~0.34,0.55!
ANN-based~7 inputs, i.e., diameter,
CT value, and RGI for two nodules,
and pixel difference!

0.72 ~0.65,0.78!

TABLE IV. Correlation coefficients and their 95% confidence intervals
tween the subjective similarity ratings assessed by 10 radiologists an
psychophysical similarity measures obtained with various combination
objective measures.

Inputs to ANN for determination
of similarity measure

Correlation
coefficient

Confidence
interval

~a! Six inputs~diameter, CT value,
and RGI for two nodules!

0.68 ~0.61,0.74!

~b! Three inputs~difference in diameter,
CT value, and RGI between two nodules!

0.60 ~0.51,0.68!

~c! Nine inputs~diameter, CT value and RGI
for two nodules and their difference!

0.64 ~0.56,0.71!

~d! Seven inputs~diameter, CT value, and RGI
for two nodules, and pixel difference!

0.72 ~0.65,0.78!

~e! Seven inputs~diameter, CT value, and RGI
for two nodules, and cross correlation!

0.64 ~0.56,0.71!
Medical Physics, Vol. 30, No. 10, October 2003
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three differences in features between the two nodules, an~c!
the combination of the six features and the three differenc
The psychophysical similarity measure using the differen
in the three features alone provided a deteriorated correla
coefficient ~0.60! compared with that~0.68! using the six
features determined from the two nodules; this is understa
able because the three differences did not provide all of
information included in the six feature values. However, t
correlation coefficient~0.64! obtained with the psychophysi
cal similarity measure using the combination of the six fe
tures and the three differences was also lower than that
tained using the six features.

We also examined the combination of the six featu
with objective measures obtained with~d! the pixel-value-
difference technique or~e! the cross-correlation technique
The psychophysical similarity measure obtained with
combination of the six features and the pixel-valu
difference value provided a relatively large correlation co
ficient ~0.72! with the subjective similarity rating by 10 ra
diologists. However, the inclusion of the cross-correlati
value did not improve the correlation coefficient~0.64!. Fig-
ure 4 shows the relationship between the psychophys
similarity measures obtained with the ANN of~d! and the
subjective similarity ratings by ten radiologists for the 2
pairs of nodules. Because the average correlation coeffic
between the similarity ratings by a single radiologist and
average similarity ratings by the other nine radiologists w
only 0.62, the psychophysical similarity measures de
mined by use of the ANN seems to provide a high accur
that is comparable to the subjective similarity ratings o
tained by a single radiologist.

Finally, it is important to note that the LDCT images em

FIG. 4. Relationship between the psychophysical similarity measures b
on an ANN and the subjective similarity ratings assessed by 10 radiolog
The ANN has seven input units, including six features and the pixel-va
difference between two nodules. The solid line shows regression line an
two dashed lines indicate one standard deviation from the regression l

-
d
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ployed in this study were obtained with a single scann
therefore, the image quality depended on the scanner an
specific reconstruction algorithm used. The readers sho
realize that we did not take the scanner dependency
account in the search algorithm for similar nodules.

IV. DISCUSSION

Similarity measure plays an important role in many app
cations of pattern recognition and computer vision, such
image matching and registration, cluster analysis,40 face de-
tection and recognition,44 and content-based image databa
retrieval.24–26 There are many kinds of definitions for th
similarity measure, among which are various forms of d
tance~Euclidean distance, Minkowsky distance, Mahalan
bis distance, and Hausdorff distance45!, cross-correlation,
and mutual information measures.46 Distance-based similar
ity measures are widely used in many applications, and
be applied in both feature space and image space; for
ample, the pixel-value-difference technique in this study e
ployed a distance in image space. Cross correlation is
well known for its simplicity in implementation and its rela
tively long computation time, and is applied mainly in ima
space. However, in most applications, the evaluation of si
larity measures for a specific application has been gene
ignored. Therefore, it is often unclear why one selects
specific similarity measure over another. To address
problem, in this study, the average subjective similarity r
ings were obtained with 10 radiologists in advance, and w
employed as gold standard to evaluate the effectivenes
four similarity measures used in the search of subjectiv
similar images. Moreover, the subjective similarity ratin
were utilized to provide a new psychophysical similar
measure which correlates well with radiologists’ subject
ratings.

Content-based image retrieval has been a very active
search field in recent years. It is motivated by the fact tha
is difficult to efficiently manage, browse, search, and retrie
a multimedia database with a huge amount of image
video information.24–26 On the one hand, the content-bas
image retrieval technique is applied in an analogous way
the similar nodule searching technique is used in this stu
namely, given a query image, it tries to search a numbe
images that contain similar image content as does the q
image. In addition, from a technical point of view, extractio
of features~such as color, texture, and shape! and definition
of similarity measures are common issues in content-ba
image retrieval as well as in our similar nodule search
technique. On the other hand, however, there is an impor
difference between the two similar image searching te
niques. In the content-based image retrieval technique,
ages are classified into a number of categories accordin
their contents, such as human portrait, landscape with mo
tain and beach, and indoor scene. Two images are consid
as being ‘‘similar’’ as long as they are in the same catego
even though they may differ in many aspects and may no
visually similar. In this study, however, all images contain
the same object~namely, a nodule!, and any pair of images
Medical Physics, Vol. 30, No. 10, October 2003
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can be considered as being ‘‘similar’’ in terms of the defin
tion of similarity used in the content-based image retrie
technique. Therefore, a stricter definition of similarity bas
on the overall visual impression was employed in this stu
which represents a more challenging problem than that in
content-based image retrieval technique.

We have previously developed a computerized schem
help radiologists improve their performance in the diagno
of nodules in chest radiographs, in which the likelihood
malignancy for a lesion was presented to radiologists.37,47

Although the likelihood of malignancy for lung nodule
would be an important aid to radiologists, the numeral alo
might not be adequate and convincing enough for radio
gists. In this study, we showed that similar images can p
vide radiologists with visual aid, and would be useful f
improving radiologists’ performance in the diagnosis of no
ules. Similar images may also be combined with the like
hood of malignancy to further improve radiologists’ diagno
tic accuracy. In addition, similar images can be applied to
diagnosis of various lesions in images obtained with differ
modalities, and used to help radiologists learn the diagn
of very difficult and complex abnormalities, such a
the differential diagnosis of interstitial lung diseases in ch
images.

V. CONCLUSION

The similar images for malignant nodules and ben
nodules have potential to significantly improve radiologis
performance in the diagnosis of unknown nodules. The
erage subjective similarity ratings obtained by ten radio
gists are important for the selection of features and for
evaluation of different techniques for calculating similari
measures A psychophysical similarity measure can be de
mined based on the use of ANN with objective featur
measures and subjective rating data. The psychophys
similarity measure on pairs of CT nodules provided mo
reliable results compared with objective similarity measur
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