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Abstract. One of the major problems for computer-aided pulmonary nodule detection in chest radiographs is that a high false-
positive (FP) rate exists. In an effort to overcome this problem, a new method based on the MTANN (Massive Training Artificial
Neural Network) is proposed in this paper. An MTANN comprises a multi-layer neural network where a linear function rather
than a sigmoid function is used as its activity function in the output layer. In this work, a mixture of multiple MTANNSs were
employed rather than only a single MTANN. 50 MTANNS for 50 different types of FPs were prepared firstly. Then, several
effective MTANNS that had higher performances were selected to construct the MTANNSs mixture. Finally, the outputs of the
multiple MTANNSs were combined with a mixing neural network to reduce various different types of FPs. The performance of
this MTANNSs mixture in FPs reduction is validated on three different versions of commercial CAD software with a validation
database consisting of 52 chest radiographs. Experimental results demonstrate that the proposed MTANN approach is useful in
cutting down FPs in different CAD software for detecting pulmonary nodules in chest radiographs.
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1. Introduction

Computer-aided diagnosis (CAD) has been proven to be a very effective in assisting radiologists and
improving the diagnostic accuracy [1,2,3,4]. However, one of the main difficulties of applying the CAD
for nodule detection on chest radiographs in clinical is the relatively great amount of false positives
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(FPs). Because of too many FPs, the performance of detecting true-positive regions may potentially be
degraded, and there may also be a subsequent increase in "unnecessary" follow-up examinations.

For the aforementioned reasons, various past methods have been proposed to cut down FPs number
[5,6,7,8], most of them have used a two-step pattern-recognition approach: i.e., feature extraction firstly
and then classification with features. However, one main limitation associated with such methods is that
classification performances directly depends on the discriminatory power of features, but to specify a
suitable feature set is one of the most difficult tasks in classification.

Recently, Suzuki et al. showed that this limitation could be overcome by using a MTANN[9,10,11,
12,13,14]. The MTANN comprises a modified linear output multi-layer neural network with a linear
function rather than a sigma function serving as its output layer activation function. Compared with the
conventional pattern classification model, the MTANN has three major advantages: namely, (1) it can di-
rectly operate on pixel data; thus, no feature extraction is required; (2) it has a high generalization perfor-
mance; and (3) it can be trained with a very small amount of cases [14]. Although the MTANN approach
had demonstrated promise in its applications to chest radiography, thoracic CT, and CT colonography,
it was not clear whether the MTANNs were capable of cutting down false-positives in different CAD
schemes, especially, when it is applied to commercial CAD software.

Motivated by above mentioned problems, in this paper, a new method termed as a mixture of MTANNSs
was developed for cutting down FPs in a chest radiographs pulmonary nodule detection CAD scheme,
which is an extension of Suzuki’s works in [15] and [16]. We evaluate the performance of this MTANNSs
mixture on FPs produced by three different versions of commercial CAD software. Experimental results
index that the approach is useful in cutting down FPs in different CAD software for determining the
existence of pulmonary nodules in chest radiographs.

2. Materials and method
2.1. Materials

The database employed in our study comprised three validation test sets that produced by applying
three different versions of commercial CAD software on a chest radiographs set which consisted of 29
posterior-anterior (PA) chest radiographs of nodule free cases and 23 PA chest radiographs with nodules
acquired with a computed radiography system, Of the three validation test sets, 281 FPs and 29 nodules
(produced by CAD software 1 (Riverain CAD Ver.1.0)) are included in set I, 143 FPs and 33 nodules
(produced by CAD software 2 (Riverain CAD Ver.3.0)) are included in set II,and 108 FPs and 31 nodules
(produced by CAD software 3 (Riverain CAD Ver.3.0)) are included in set III. The nodule locations were
confirmed by a physician and were used as "gold standard" locations in the evaluation of our scheme.

2.2. Mixture of MTANNs

The key principle underlying this method is the conclusion that cutting down false-positives in
computer-aided pulmonary nodule detection is a multi-classification problem in essence. To deal with
such a multi-classification problem, multiple classifiers and their combination are needed. First, 50 M-
TANNSs for 50 different types of false positives were prepared, where an MTANN is a modified three
layer artificial neural network (ANN) in which a linear, a sigmoid, and a linear function are employed
as the activation function of the unit in the input, hidden, and output layers, respectively. Then, several
effective MTANNS that had higher performances were selected to construct a MTANNSs mixture. A M-
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TANNSs mixture is an ensemble of multiple MTANNSs that comprises several parallel arranged MTANNSs
that are trained for the same task [15,16,17], as shown in Figure 1.

Distinction
results
rnodule or
non-nodule

Pre-processed ROT image » ,_._,

MTANNs with ensemble training

Fig. 1. Mixture of MTANNSs.Each expert MTANN can distinguish a specific type of non-nodule from nodules. The outputs of
these MTANNS are combined for removing various types of non-nodules (FPs).

In order to remove all major FPs sources, the outputs of multiple MTANNSs were combined with a
modified three layer BP neural net work, where an identity, a sigmoid, and a linear function are employed
as the activation functions of the units in the input, hidden, and output layers, respectively. Each selected
MTANN'’s outputs are used as the input of the combining neural network; the amount of the combining
network’s input units is determined by the amount of MTANNS. The output of each MTANN is used for
discriminating nodules from a particular kind of non-nodule, as represented in Eq.(1):

Om = NN[Snc,1<n<N (1)

where N N{e} is the output of the modified three layer BP ANN. The referential values for nodules are
decided as the value "1", and those for non-nodules are "0".

In order to cut down the effects caused by background on the MTANNSs performance, an image pre-
processing step [12] was utilized for input ROIs.

2.3. Training the mixture of MTANNs

A method termed as ensemble training [15] was employed for training the MTANNSs mixture in this
work. The cases for training the multiple MTANNSs are systematically selected. A seed MTANN trained
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Fig. 2. Training of MTANN. The input image is divided into many overlapping sub-regions pixel by pixel, and then these
sub-regions are preprocessed. All pixel values of each sub-regions are used as input to the MTANN, whereas a sigle pixel value
from the teaching image is used as a teaching value.

with typical nodules and non-nodules of a seed type is selected firstly. Then, the seed MTANN was
applied to nodules and various non-nodules.

The training for a single MTANN of the MTANNSs mixture was implemented by using a large number
(361 = 19 x 19 pixels) of image blocks obtained by scanning the training region (27 x 27 pixels) in an
input image pixel by pixel, also with the teaching images that contained the distribution for a "likelihood
of being a nodule, as shown in Figure 2.

In order to ensure that each of the multiple MTANNs was the most effective for a particular kind
of non-nodule, parameters for the multiple MTANNs were optimized. We started from a seed set of
training parameters. Each MTANN was trained based on the seed parameter set, and each MTANN’s
performance was valuated by using the receiver-operating-characteristic (ROC) analysis. Based on the
valuation results of the ROC ,better parameters for each MTANN was determined.

All MTANNS with optimized parameters were applied for identifying nodules and non-nodules. Each
selected MTANN’s outputs were used as an input to the combination ANN with an input, a hidden, and
an output layer,where the numbers of units in the three layers were determined based on experiments
to be 8, 7, and 1, respectively. The training of the combination ANN was performed by using a leave-
one-nodule-out cross-validation scheme. After trained, the ANN could be used to classify a nodule and
a non-nodule.

2.4. Distinct nodules from non-nodules

The identification of a nodule and a non-nodule is obtained by using a score defined from the output
images of the n'” trained MTANN and a 2D Gaussian weighting function [12], as shown in the following
equation:

Sns = Z fG(Un>$7y) X fns(xay) 2

xvyERE

where S, is the score of the n'h trained MTANN for the s'h nodule candidate, R is the region for
evaluation, f,,s(x,y) is the output image of the n'h trained MTANN for the s'h nodule candidate where
its center corresponds to the center of Rg, fa(on,z,y) is a 2D Gaussian function with deviation o,
and n is the MTANN number in the multiple MTANNS. This score represents the weighted sum of the
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Fig. 3. Distributions of scores from MTANN No.1 and MTANN No.2 for nodules and non-nodules in validation set 1.
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Fig. 4. Distribution of outputs from the trained mixing neural network for validation set 1.

estimate of how likely a nodule is. Then, the abilities of these MTANNSs to cut down false-positives were
arranged in an ascending order.

As an example, the score distributions of the output images of validation test set 1 from MTANN No.1
and MTANN No.2 are shown in Figure. 3. As can be seen from Figure.3 that each expert MTANN re-
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Fig. 5. The FROC curve of the MTANNSs mixture of(thick solid curve) and that of the best single MTANN (dashed curve) for
281 FPs and 29 nodules by CAD software 1

moved different FPs. Accordingly, using the MTANNS mixture removes a substantial fraction of various
FPs.

In order to distinguish nodules from various FPs, several effective MTANNs for non-nodules at certain
difficulty levels were selected. In this study, four most effective MTANNs were selected and merged with
a mixing ANN. An example for validation test set 1 was shown in Figure 4. As it can be seen that all
nodules can be discriminated from the majority of FPs, though the distributions overlap.

3. Experimental results

The overall performance of the MTANNSs mixture for FPs reduction was valuated on three different
versions of commercial CAD software using the free-response ROC (FROC) analysis. Figure 5-7 show
the experimental results on different CAD software,respectively.As can be seen from Figure 5,Figure6,
and Figure 7 that with the MTANNS mixture, the false-positive rate of CAD software 1 was cut down
by 48% (from 5.62 to 2.93 FPs per image) while maintaining an original sensitivity of 60%; that of
CAD software 2 was cut down by 44% (from 2.86 to 1.6 positives per image) while maintaining an
original sensitivity of 60%; and that of CAD software 3 was cut down by 49% (from 2.16 to 1.1 FPs
per image) while maintaining an original sensitivity of 60%. In contrast, at a same sensitivity level,with
the best single MTANN, the FP rate of CAD software 1 was cut down by 36% (from 5.62 to 3.6 FPs
per image),the FP rate of CAD software 2 was cut down by 23% (from 2.86 to 2.2 FPs per image), and
CAD software 3 was cut down by 12% (from 2.16 to 1.9 FPs per image). These results suggest that the
capability of a MTANNSs mixture is superior to that of a single MTANN.
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Fig. 6. The FROC curve of the MTANNSs mixture(thick solid curve) and that of the best single MTANN (dashed curve) for 143
FPs and 33 nodules by CAD software 2.
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Fig. 7. The FROC curve of the MTANNs mixture(thick solid curve) and that of the best single MTANN (dashed curve) for 108
FPs and 31 nodules by CAD software 3.
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4. Conclusion

An MTANNSs mixture based method for FPs reduction was developed in this paper. Experiments on
datum produced by three different versions of commercial CAD software for detecting pulmonary nod-
ules in chest radiographs show the MTANNSs mixture could substantially cut down the false-positive rate
of each of the three CAD softwares, while still preserving a high sensitivity level.

However,it should be noted that the number of test cases in this work is limited, and more test cases
should be employed for valuating the performance of the MTANNSs mixture. This is a step that will be
taken in future studies.

References

[1] Bram van Ginneken, Bart M. ter Haar Romeny, and Max A. Viergever,Computer-aided diagnosis in chest radiography: A
Survey, IEEE Transactions on medical imaging20 (2001), 1228-1241.

[2] K. Doi, Computer-aided diagnosis in medical imaging: historical review, current status and future potential, Computerized
medical imaging and graphics 31 (2007), 198-211.

[3] N Petrick, M. Haider, R.M. Summers, S.C. Yeshwant, L Brown, E. M. Iuliano, A. Louie, J. R Choi and P. J. Pickhardt,CT
Colonography with computer-aided detection as a second reader: Observer performance study 1,Radiology 246 (2008),
148-156.

[4] B. Van Ginneken, C.M. Schaefer-Prokop and M. Prokop,Computer-aided diagnosis: how to move from the laboratory to
the clinic,Radiology 261 (2011), 719-732.

[5] Arnold M.R. Schilham, B. Van Ginneken and Marco Loog,A computer aided diagnosis system for detection of lung nodules
in chest radiographs with an evaluation on a public database,Medical Image Aanlysis 10 (2006), 247-258.

[6] M.L. Giger, K. Doi and H. MacMahon,Image feature analysis and computer aided diagnosis in digital radiograph,Medical
Physics 15 (1988), 158-166.

[7]1 H. Yoshida, K. Doi, R. M. Nishikawa, M. L. Giger, and R. A. Schmidt,An improved computer-assisted diagnostic scheme
using wavelet transform for detecting clustered microcalcifications in digital mammograms,Academic radiology 3 (1996),
621-627.

[8] M.G.Penedo, M.J. Carreira, A.Mosquera and D.Cabello,Computer aided diagnosis: a neural network based approach to
lung nodule detection,/EEE Transactions on medical imaging 17 (1998), 872-880.

[9] K.Suzuki, H.Yoshida, J.Nappi, and A. H.Dachman,Massive-training artificial neural network (MTANN) for reduction of
false positives in computer-aided detection of polyps: suppression of rectal tubes,Medical Physics 33 (2006), 3814-3824.

[10] K.Suzuki, H.Abe,H.MacMahon, and K.Doi,Image-processing technique for suppressing ribs in chest radiographs by
means of massive training artificial neural network (MTANN),/EEE Transactions on Medical Imaging 25 (2006), 406—416.

[11] K.Suzuki,ELi, S.Sone, and K.Doi,Computer-aided diagnostic scheme for distinction between benign and malignant nod-
ules in thoracic low-dose CT by use of massive training artificial neural network,/JEEE Transactions on Medical Imaging
24 (2005), 1138-1150.

[12] K.Suzuki,J.Shiraishi, H.Abe, H.MacMahon, and K.Doi,False-positive reduction in computer-aided diagnostic scheme for
detecting nodules in chest radiographs by means of massive training artificial neural network,Academic Radiology 12
(2005), 191-201.

[13] K. Suzuki, S. G. Armato, F. Li, S. Sone, and K. Doi,Massive training artificial neural network (MTANN) for reduction of
false positives in computerized detection of lung nodules in low-dose CT,Medical Physics 30 (2003), 1602-1617.

[14] K. Suzuki and K. Doi,How can a massive training artificial neural network (MTANN) be trained with a small number of
cases in the distinction between nodules and vessels in thoracic CT?,Academic Radiology 12 (2005), 1333-1341.

[15] K. Suzuki L.He, S.Khankari, L.Ge, J.Verceles and A. H.Dachman,Mixture of expert artificial neural networks with en-
semble training for reduction of various sources of false positives in CAD,Proc. SPIE Medical Imaging 6514 (2007), 1-6.

[16] K. Suzuki H.Yoshida, J.Nappi, S. G.Armato III , and A. H.Dachman,Mixture of expert 3D massive-training ANNs for
reduction of multiple types of false positives in CAD for detection of polyps in CT colonography,Medical Physics 35
(2008), 694-703.

[17] L.K. Hansen and P. Salamon,Neural network ensembles,/[EEE Transactions on Pattern analysis and Machine Intelligence
12 (1990), 993-1001.



