Computerized classification of suspicious regions in chest radiographs
using subregion Hotelling observers
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We propose to investigate the use of subregion Hotelling obse(8&klOg in conjunction with
perceptrons for the computerized classification of suspicious regions in chest radiographs for being
nodules requiring follow up. Previously, 239 regions of intef@®ls), each containing a suspi-

cious lesion with proven classification, were collected. We chose to investigate the use of SRHOs
as part of a multilayer classifier to determine the presence of a nodule. Each SRHO incorporates
information about signal, background, and noise correlation for classification. For this study, 225
separate Hotelling observers were set up in a grid across each ROI. Each separate observer dis-
criminates an 8 by 8 pixel area. A round robin sampling scheme was used to generate the 225
features, where each feature is the output of the individual observers. These features were then rank
ordered by the magnitude of the weights of a perceptron. Once rank ordered, subsets of increasing
number of features were selected to be used in another perceptron. This perceptron was trained to
minimize mean squared error and the output was a continuous variable representing the likelihood
of the region being a nodule. Performance was evaluated by receiver operating chara@®Dis}ic
analysis and reported as the area under the cuiyg. (The classifier was optimized by adding
additional features until th&, declined. The optimized subset of observers then were combined
using a third perceptron. A subset of 80 features was selected which gave @n0.972. Addi-

tionally, at 98.6% sensitivity, the classifier had a specificity of 71.3% and increased the positive
predictive value from 60.7% to 84.1%. Preliminary results suggest that using SRHOs in combina-
tion with perceptrons can provide a successful classification scheme for pulmonary nodules. This
approach could be incorporated into a larger computer aided detection system for decreasing false
positives. © 2001 American Association of Physicists in Medicif®Ol: 10.1118/1.1420402
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[. INTRODUCTION systems, we firmly believe that development and application

It is well established that cancer is one of the devastating an@f rtificial intelligence techniques for the automated detec-
major diseases of our time. Cancer is the second leadin$on of lung cancer will have a great impact on early detec-
cause of death in the United StatdsS).> In 1999 alone, tion of lung cancer and disease diagndsBeveral studies
over 1.2 million persons in the US were diagnosed with canhave found that a computer aided diagno$G&D) system,
cer and approximately 563 100 persons will pefighf all  when used in conjunction with a radiologist, does in fact
the types of cancer, lung cancer is the most common cause pfiprove*® the detection performance of lung cancer.

death and accounts for about 28% of all cancer deaths. Esti- |n the past, many research&rs have investigated the
mates for 1999 ir?dicate that about 158 900 persons will dilqjse of artificial neural networkéANNs) and other types of
from lung cancer in the US and about 171 600 new cases Willyage processing for detection and classification of pulmo-

be dlagnqse&i. L ._nary nodules. The overall approach for CAD has been to
The prime method for cancer detection is through radio-_. . . .
. ; X . either use image pixel data directly or to make measurements
logical imaging exam$.Of these exams, the simplest and

most commonly performed diagnostic test is the chest radio(—)f pertinent image properties and to combine this informa-

graph or chest x ray. It is well established that radiologistdiON USing neural network techniques. Most CAD systems

Early detection of these suspicious regions would certainlyptage uses some type of initial linear processing, which has
help improve patient outcome as early detection is key tdigh sensitivity and low specificity, to detect a set of poten-
patient care. With the current advent of digital radiographytial nodules. The second stage consists of classifying these

2403  Med. Phys. 28 (12), December 2001 0094-2405 /2001/28(12)/2403/7/$18.00 © 2001 Am. Assoc. Phys. Med. 2403



2404 Baydush et al.: Computerized classification of suspicious regions 2404

suspicious regions using predictive modeling technique#\. Background
(ANNs, cllu.ster ana]ysns, gt)cto reject a.Iarge T‘“mber of the First we would like to present some background material
false positives. Using this approach, investigators have deén Hotelling observerHOs) and perceptrons before we get
veloped systems which have been able to detect obvioqﬁto the specifics of this study.

nodules with a receiver operating characteri$ROC) area
of 0.93 and to detect subtle nodules with a ROC area ofl. Hotelling observers
0.661! Similar systems are also used to determine if a sus-

g'gggs nodule is cancerous or benign, with a performance q em, are understood to work via a linear mechanism followed

. . by a nonlinear integration of features to perform basic deci-
These previous results have been extremely positive angy

have helped to imorove radiologist performance for diadn on tasks. In the case of visual processing, this linear mecha-
1ave heipe 60 prove radiologist pertormance for diagnosyq, s the finear receptive fields, which process the basic
tic accuracyl. We wish to investigate an innovative new ap-

. visual stimuli. For our proposal, we will be using HOs as our
proach b_a_sed_ on models from the human vision system fc“near mechanism. HOs have been shown to be effective in
the classification stage of the CAD sy_stem._lt is weII_ knowntracking the performance of human observers for
that most human sensory processes, including the visual Syge o o 17-22 Many researchers have also used HOs as a
tem, are u_nders_tood to_work via a linear mechanism f(_)llowe_ eans of measuring image quality or as an imaging
by a nonlinear integration of features to perform basic deC|—m etric23-27
sion tasks. In the case of the visual processing system, the y
linear step is the receptive fields which process basic visu

imuli and d to red dat lexity. This I nown signal, known background, and known covariance
stimuli-and are used 1o reduce data complexity. 1hiS IN€af, o4y \when statistics are approximately Gaussian. In the
step is followed by a nonlinear combination of the important

. . . . _covariance matrix, each element is the covariance between
data to determine decisions. This multilayered process I8vo pixels and the diagonal is the variance for each pixel.

WhEt Wg} ha\{{edchosen a? ZUL model. 0 " For real medical images, where we do not know the exact
or the study presentec here, We propose 1o Inves '_gate%gnal or the distribution of the background, we use estimates
using subregion Hotelling observers in conjunction with sim-

plified artificial neural networks for the automated classifica—Of the signal to be detected, the general background, and the

. . g . . image covariance matrix to calculate the set of linear weights
tion of regions that are suspicious of being solitary pulmo-

o datab ‘o o O RS for the suboptimal observer. The weights or template for the
nary nodules from a database of “suspicious” regions on,~ ", defined as

chest radiographs.

Most human sensory processes, including the visual sys-

The Hotelling observer is the optimal linear detector for a

W=[(S+B)—(B)]/K, 1)
where() represents the mea8,is the signal B is the back-
[I. METHOD ground,S+ B is the signal in the background, aikdis the

covariance matrix. Multiplying these weights by the image

For the study presented here, we are choosing to classifyata | and summing over all the pixels gives the test statis-
a positive region as any region that the radiologist feels;c |

should go to follow-up for additional information. We will

not be attempting to classify nodules as benign or malignant. L= wrl. ©)
Radiologists do not diagnose cancer versus benign nodules,

they detect suspicious regions and send them for additionaihs test statistic can be used as a decision variable. If the
work up. This classification would not return a positive for ypserver is working properly, the test statistic will be higher
regions that were clearly benign, such as rib crossings, ves$y yalue when the signal is present and lower when it is
sels on end, clearly benign calcified granulomas and wouldpsent. In white noise, the HO is a matched filter; however,
return a positive for any other region which is suspicious ofi, correlated noise, such as in medical images, this observer

being a nodule and should be checked with follow-up. Inggtimates a template that decorrelates the 8ise.
essence, we will be training our classifier as a decision on

“suspicious nodule, needs follow-up” or not. This type of
system is not a cancer detector. However, it will mirror how
a radiologist makes a decision so it can act as a second reader The methods of developing the perceptron models which
acting on the same logic as the radiologist when coupledve use have been described in previous studies from our lab
with the first stage of a CAD system. and will only be summarized here. A perception is an ex-
The classification process that we are introducing hergéremely simplified ANN which has no hidden layers and only
reduces to a three-layer scheme. Layer 1 models the lineane processing unit. The perceptron we used is a feed-
portion of the visual system. We have chosen to use a grid dbrward, error-backpropagation processing unit with a sig-
subregion Hotelling observetSRHOS for this layer. Layer moidal activation functions. Each perceptron is presented
2 models the data reduction in the visual process and will bavith the input findings for each case and the corresponding
performed by examining the rank ordering of the weights ofknown “truth” outcome. The perceptron merges all the find-
a perceptron. Layer 3 combines the reduced data set to deigs to generate a single output value between zero and one
termine final classification via an additional perceptron. corresponding to its prediction of the likelihood of a nodule

2. Perceptrons
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Fic. 1. Average image of théa) positive and(b) nega-
tive ROIs. The difficulty of this database can be seen by
observing the obvious signal at the center of the nega-
tive ROls.

being present for that case. The perceptron is trained andith areas which were “suspicious” for having a pulmonary
learns iteratively under this supervised training process imodule and underwent fluoroscof#?2 regiong The second
order to improve its performance. grouping consists of patients who had obvious nodules on

The model parameter@ncluding training rates, momen- chest radiographs and underwent computed tomography ex-
tum constants, and the number of training iteratjom® all ams for further evaluatio97 regiong. All of the original
optimized empirically. Additionally, a “round robin” or images were taken between 1991 and 1996. For the database,
“leave one out” sampling scheme is utilized in order to usea “truth” file was prepared by two board certified radiolo-
all cases for training and testing while still maintaining inde-gists for the digitizedLumiscan model 75; Lumisys, Sunny-
pendence between the training and testing sets. Networkalle, CA) 2048 pixel by 2048 pixel images based on the PA
training can be halted when the ROC area under the curveadiograph, CT results when applicable, the full radiology
Az, is maximized over the testing cases. Our custom ANNreport, and the pathology report when applicable. Overall,
and perceptron software was written in C and runs on a Suthe database consists of 94 negative ROIs and 145 positive
Ultra 60 workstation(Sun Microsystems Inc., Mountain ROIs. Since under initial examination, all of these regions
View, CA). Initial training requires up to several minutes for were deemed “suspicious” enough for follow-up, we can
each new combination of parameters, but a finalized percemonsider them all false positives. Considering that 145 of
tron can evaluate each new case within a fraction of a sedhese ROIs were actually positive gives an original positive
ond. predictive value of 60.7% for the radiologists.

As stated previously, for each case the model produces a Please note that for this database, all of the negative re-
prediction number between zero and one. To use the percepions were deemed suspicious for a nodule upon initial ex-
tron as a diagnostic aide, one could select a certain thresholimination by the radiologist, making this a very difficult da-
value such that those cases with output values below th@base. The average of all of tt® positive andb) negative
threshold would be considered unlikely nodules. The remainROIs are shown in Fig. 1. The difficulty of this database can
der of cases with values exceeding the threshold would bbe seen by observing the obvious signal in the center of the
considered suspicious for pulmonary nodules. The sensitivitpegative ROIs.
is the number of correctly classified nodules divided by the In addition to this database, three radiologists previously
number of all actual nodules; the specificity is the number operformed a ROC study over all of the images by selecting a
correctly diagnosed negative lesions out of all actual negaprobability of the region being a nodule for 237 of the re-
tive lesions. Varying this threshold value results in a trade offgions in this databas@éwo regions were used for training
between sensitivity and specificity and will generate an ROCAnalysis of the radiologists’ ROC ratings yielded areas
curve for analysis. which ranged from 0.72 to 0.83. This level of radiologist
performance for area under the ROC curve corresponds well
to other studies of lung nodule databases for sets of cases
which were deemed to be between very sufll§53 and

We have previousR collected a database of 239 regions subtle(0.876 in difficulty.°
of interest (ROIls) for nodule classification and detection
studies. Each ROI was 256 by 256 pixels _and was spatiallb Description of three layer classifier
averaged to make the ROIs 128 by 128 pixels. For the pur-
poses of this database, a nodule was defined as any lesion Figure 2 presents a flow chart of the three layer classifier
that should be sent to follow-up to rule out being a noduleand a detailed description of each layer is now presented.
Negatives are regions that contain no nodules, obviously be- . .
nign calcified nodules, rib crossings, and vessels. The datal-‘ Layer 1: Subregion Hotelling observers
base breaks down into two distinct groupings of regions. The The Hotelling observer is the optimal linear detector for a
first group is collected from patients who were identifiedknown signal given certain information about the imaging

B. Image database
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To combat this size difficulty, many researchers have in-
vestigated using a channelized HO model, where radially
symmetric vision channels are used to reduce the dimension-
ality of the problem. Initially we tried this approach, only to
SRHO find that it did not work well for lung nodule detection. We
believe that this failure was due to neither the normal
- anatomy nor the nodule signal in the lungs being radially
Data Reduction symmetric. The need to relax this radial symmetry constraint
lead us to develop new methods to use the pixel-wise HO.

Instead of using the pixel-wise HO over an entire ROI, we
ANN chose to use a subregion Hotelling observer over a small
region of each ROI, because a small region observer would
require significantly fewer samples to properly estimate the

Input ROI

Decision for follow up? necessary covariance matrix. To cover the whole region of
the ROI, we then chose to tile a matrix of SRHOs over the
FiG. 2. Flow chart of three layer classifier. full region being examinedsee Fig. 3. This tiling process

results in many SRHOs being used to reduce the complexity
of the image data down to the number of SRHOs used. Since

system and the object to be detected. The HO uses estimat%g(:h small observer will be *observing” or analyzing every

of the signal to be detected, the general background, and t éxel lnna s;na;ll reg's\?xr't will ?re Senndsmtvre t? (r:hjlr:lgtias mi':ngllhd
image covariance matrix to calculate a set of linear weights. equency noise power spectra and structured noise, includ-

The HO results in an output value by summing up the valued'9 anatomy. The result of ea(_:h SRHQ on a single ROl is a
b y g up scalar. If a database ®f ROIls is examined, then the output

of the weights multiplied by the image data. The higher this, -
output weight, the more likely it is to have the signal present.IS a vector of lengttM for that specific small observer. H

Application of the HO to a large ROI is prohibitive, as too SRtH(?sVsre use_c;, ﬂlﬁ“ ve;:to:s ]f)r fe;]atSuF\r)(la_'so will b,,ef thte ”
many image samples would be needed to properly estimaf@/Put- Ye consicer the output of eac as a ‘teature

the covariance matrix. For example, in the database we ha®® it gxamines different regions of the ROI, similar to apply-
developed, the 128 by 128 pixel ROIs would require a cova!"9 different texture measurements to a ROL.
riance matrix of 16384 (128128) by 16384 (128 128) _ . .
elements. Collecting a database of real images large enough L&ver 2: Rank ordering and data reduction

to obtain a stable estimate of a covariance matrix this size The result of layer 1 of the classifier is a number of image

would prove to be exceedingly difficult. features, where each feature is the result of the application of

ROI 128 pixels

1 2 (3|4 |5]1617 8|9 110/11(12(13}14 |15
16117118 (19202122123 |24|25]26(27(28|29|30

31(32(33|34|35(36(37|38(39(40(41|42|43|44|45
46|47 (48|49 |50(|51|52|53|54|55|56(|57|58|59]|60
128 pixels 61(62/63|64|65|66|67|68,69|70(71|72|73|74|75

76177 |78}79|80(81|82|83|84|85|86|87|88|89}90 Fic. 3. The 15 by 15 grid of SRHO is
91|92]93|94|95|96;97|98|99|100{101/102{103{104|105 shown as placed in each ROI. Each of
the SRHOs covers 8 pixels by 8 pix-
106(107|108|109(110{111|112(113[{114{115(116|117|118[119{120 els. The overall ROl is 128 pixels by
128 pixels, where 120 by 120 of them
121|122|123]{124{125|126(|127(128|129{130{131{132{133(134(135 are covered by the different observers.

136{137|138|139(140{141/142{143{144{145|146{147(148{149|150
8 x 8 pixel ’J—WSZ 153({154/155|156|157/158{159|160/161{162|163|{164|165

SRHO 166(167|168|169(170{171{172|{173{174{175{176{177(178{179|180
181(182|183|184(185/186|187|188/189[190{191{192(193{194|195
196(197(198|199(200(201|202|203|204{205|206|207(208|209|210

211j212{213|214|215{216(217|218|219|220{221/222{223|224|225
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a SRHO to one patrticular subregion of the full ROI. To fur- Comparison of SRHO/perceptron System to Radiologists
o b g L

ther reduce the dimensionality and to simplify the classifier, 14+ — et
a rank ordering of the important features was needed. Onci ] _-= == i
the features are rank ordered, different subsets can be exan 0.8 oo - L
ined to find which one provides the highest classification ] /:M - i
performance. For the study presented here, the SRHO fee ocd 27 )a’ ¥
tures were rank ordered using the absolute value of the w 1 J4f 7
weights of a perceptrotP1). e 1Ky . _iﬁggﬁ‘;ﬂﬂsymm I
To obtain the rank ordering, the perceptron P1 was trainec 8.5 ”)! — &= - Radiologist B N
on the output of all the SRHOs for all the ROIs using a leave ~6 =Radiolopir € I
one out methodology until the mean squared error was mini- 0.2 =
mized. Each of the inputs was normalized from O to 1. The I
overall weights of the perceptron were examined and ther 12—
rank ordered by the absolute values with the assumption tha 0 0.2 0.4 0.6 0.8 1
a large positive or large negative weight would correspond to FPF

features that had a larger effect on the outcome.
G. 4. Comparison of ROC curves for the SRHO/perceptron system to

Once all of the features were rank ordered, an additionaﬂ S ; )
t P2 d to det . th fi | bset ft ree radiologists. Tha, for the SRHO/perceptron system is 0.972, while
perceptron(P2) was used to determine the optimal subset o the A, for the three radiologists were 0.718, 0.789, and 0.834.

features. To expedite this feature elimination process and en-

sure fair comparisons across different subsets of features, P2

used fixed training parameters such as training rates and thgres. The result of this first step was a data reduction from a
number of training iterations. In a manner analogous to stept2g by 128 pixels region to 225 values or features per ROI.
wise discriminant analysis, the rank ordered features wergach SRHO covers approximated 3 by 3 mmarea.

added in groups of five, starting from the most significant  For |ayer 2, these 225 features were used as the inputs to
features, and the perceptron P2 was re-optimized. The preg perceptror{P1) which was trained to minimize the mean
cess was repeated, until the round rohnstarted to decline, ~ squared error based on the truth file. The features were then
indicating the P2 perceptron was becoming overtrained. Thigank ordered by examining the absolute value of the weights
reduced subset of features which yielded the highestvas  of the trained perceptron. Another percept&® was then

then forwarded to the next layer. trained on a reduced set of the features. Starting from the
most significant, features were added five at a time and the
3. Layer 3: Combination and classification P2 perceptron was trained and tested. This procedure contin-

The reduced feature data set was then used as the inputlﬂgd until the value of the area under the ROC curve started
another perceptrotP3. Unlike P2 from the previous layer, to decline, at which point the optimal subset of features was

P3's training parameters were carefully varied to optimizecnosen. _
A, . With this final optimized perceptron, the final decision ~FOr the last layer, another perceptr@?8 was then opti-

to classify a region as a pulmonary nodule or not was madgﬂize.d on the specific reduced set of features and additional
and the overall system analysis was performed. The SRH@etrlcs were calculated aqd tests were performe_d..CaIcuIa—
features each examine the high frequency content of a certaffPns of ROC area and partial area, as well as statistical com-
region in the ROI. By combining the SRHO features with aParisons of those metrics, were performed usingrbexIT
perceptron, low frequency content is also being incorporate@ogram(Charles Metz, University of Chicago

into the classification procedure, as using many of the tiled

SRHO will span portions of the entire ROI. I1l. RESULTS

After application of the first layer, the highest R@G for
any individual SRHO was 0.65. For layer 2, the 225 features

For the study presented here, 225 separate SRHOs weweere then rank ordered and examined in groups with incre-
arranged in a 15 by 15 grid across the 128 by 128 pixements of five features. The maximal ROG was recorded
ROIs. Each of the SRHOs was designed to “observe” an 8vhen a subset containing the top 80 features was used. This
by 8 pixel subregion within the ROI. Hence, the 15 by 15subset of features was next used as the input to perceptron
SRHOs covered the center 120 by 120 pixel region of thé?3, which was then optimized. The area under the curve for
ROI (see Fig. 3 A leave-one-out training and testing meth- the final classification was 0.9220.009, which corre-
odology was used to generate 225 XIBb) features, where sponded to a partial area under the cuftlee normalized
each feature is the output of each individual SRHO. Signahrea above 90% sensitivity on the ROC cureé 0.813
and background were modeled as the average of the positiveis0.0524. For comparison, th&, for the three radiologists
and negativegminus the testing cagand the overall cova- who performed the same ROC study was 0F03033,
riance matrix was formed by an appropriately weighted com-0.789+0.029, and 0.83# 0.026. Figure 4 shows a compari-
bination of the positive and negative covariance matrices. Alson of the four different ROC curves for this study. The
of the test values were then collected and organized as featatistical test to compare the SRHO/perceptron system to

D. Procedure
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each radiologist was performed andpasalue of less than radiologist would point to a region and the classifier would
0.001 was calculated. Additionally, at 98.6% sensitivity, thedetermine if the region was a nodule or not. This could help
overall classifier had a specificity of 71.3% and a positivethe radiologists to be more confident in their decisions.
predictive value of 84.1%. While we have been told by radiologists that this type of tool
would be useful, we feel there are more strides to be gained
by incorporating this into a CAD system, which could poten-
IV. DISCUSSION tially help radiologists improve upon the detection task. To
The purpose of this study was to investigate the use ofncorporate this system into CAD, we would need a front end
subregion Hotelling observers in conjunction with simplified linear image processing tool which would have high sensi-
artificial neural networks for the automated classification oftivity and be able to select regions that are potentially nod-
regions suspicious of being solitary pulmonary nodules fronules. The SRHO/perceptron system could then be used to
a database of regions from chest radiographs. The exact clagduce the overall number of false positives and improve the
sification task was to determine if a region should be sent toverall performance of the CAD system. Incorporating this
follow-up for being suspicious of being a nodule or if no system into CAD is one of the future studies we wish to
follow-up is needed. Rib crossings, vessels, and calcifieg¢xamine.
nodules need no further follow-up. This type of classifier is In conclusion, our preliminary results suggest that using
being developed to mimic the way in which a radiologist subregion Hotelling observers in combination with percep-
views a chest x ray. We are choosing to classify a positivédrons can provide a successful classification scheme for
region as any region that the radiologist feels should go tsubtle and difficult pulmonary nodules. Further research will
follow-up for additional information. We will not be attempt- allow this approach to be incorporated into a larger computer
ing to classify nodules as benign or malignant. In essencejided detection system to aid radiologists in the detection of
we will be training our classifier as a decision on “suspiciouspulmonary nodules.
nodule, needs follow-up” or not. For this database, all of the
negative regions were deemed suspicious for being a nodulsCKNOWLEDGMENTS
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