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Abstract

Purpose In this study, an automated scheme for detecting

pulmonary nodules using a novel hybrid PET/CT approach

is proposed, which is designed to detect pulmonary nodules

by combining data from both sets of images.

Methods Solitary nodules were detected on CT by a cylindri-

cal filter that we developed previously, and in the PET imag-

ing, high-uptake regions were detected automatically using

thresholding based on standardized uptake values along with

false-positive reduction by means of the anatomical infor-

mation obtained from the CT images. Initial candidate nod-

ules were identified by combining the results. False positives

among the initial candidates were eliminated by a rule-based

classifier and three support vector machines on the basis of

the characteristic features obtained from CT and PET images.

Results We validated the proposed method using 100 cases of

PET/CT images that were obtained during a cancer-screening

program. The detection performance was assessed by free-

response receiver operating characteristic (FROC) analy-

sis.The sensitivity was 83.0 % with the number of false pos-
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itives/case at 5.0, and it was 8 % higher than the sensitivity

of independent detection systems using CT or PET images

alone.

Conclusion Detection performance indicates that our met-

hod may be of practical use for the identification of

pulmonary nodules in PET/CT images.

Keywords PET · CT · Computer-aided detection (CAD) ·

Pulmonary nodule

Introduction

The incidence of lung cancer has been increasing, and it is

the leading cause of death among males in the United States,

Europe, and Japan [1]. Due to the low survival rates among

lung cancer patients, it is necessary to detect and treat the can-

cer at an early stage. Conventional radiography has long been

used to screen for lung cancer. However, small pulmonary

nodules may remain undetected by this method because bone

and mediastinum obscure the nodules [2]. Computed tomog-

raphy (CT) is also used for lung cancer screening [3]. Accord-

ing to the results of a national lung screening trial [4], screen-

ing with low-dose CT scans cut lung cancer deaths by 20 %,

and CT is regarded as a suitable diagnostic tool for early

detection of lung cancer.

Recently, in some countries, positron emission tomogra-

phy (PET)/CT has also been adopted as a mass-screening tool

for diagnosis of cancers [5,6]. In this combined technique,

PET images provide functional information while CT images

render anatomical information, making it possible to detect

small pulmonary nodules with high glucose metabolism.

Wever et al. have recently reported clinical results on the

effectiveness PET/CT imaging for lung tumor detection and
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characterization [7]. PET/CT can be used to detect malig-

nancy in cases of lung nodules, and it can detect nodules at

the hilus pulmonis that are difficult to identify by CT alone.

Although PET/CT is a powerful diagnostic tool for can-

cer, it has a primary disadvantage: It generates about 1,000

slice images per scan. Since most cancer-screening cases are

normal, radiologists must identify a small number of abnor-

mal lesions from among a large number of images without

any oversight. This can be cumbersome, and there is concern

regarding deterioration of diagnostic accuracy or fluctuation

of results.

Computer-aided detection (CAD) provides a computer-

ized output as a “second opinion” to support a radiolo-

gist’s diagnosis and is expected to assist radiologists who

are required to evaluate a large number of images to identify

lesions and come to a diagnosis. In this study, we focused on

the automated detection of pulmonary nodules using PET/CT

images.

Many researchers have developed CAD methods to detect

nodules for CT [8–17], PET [18–20], and PET/CT [21,22].

For example, Lee et al. proposed a method for detecting

lung nodules using CT images alone based on genetic algo-

rithms and template matching [9], and Li et al. proposed three

selective enhancement filters, for dots, lines, and planes, to

simultaneously enhance objects of a specific shape while sup-

pressing other objects [15]. Messay et al. developed a nodule

detection method that incorporates a two-dimensional local

contrast enhancement filter and more than 40 characteris-

tic features [16]. We also have developed a fast detection

method for pulmonary nodules using a cylindrical nodule

enhancement filter (CNEF) [17]. During that process, we

found that our method was approximately 4–36 times faster

than the existing methods with the same or better detec-

tion capabilities and it was equivalent to or faster than the

image acquisition speed of a CT unit. Similarly, several auto-

mated detection methods for high-uptake regions in whole-

body PET images have been proposed [18–20]. Guan et al.

developed an automated detection method for high-uptake

regions based on a competition-diffusion segmentation algo-

rithm and a mode-seeking region-growing algorithm [18].

Montgomery et al. developed a method for the automated

analysis of tumors using wavelet transform and statistical

methods [19]. Hara et al. proposed an automated scoring sys-

tem for PET scans by using a database of the distribution of

the means and standard deviations of standardized uptake val-

ues (SUVs) [20]. As for automated detection schemes using

PET/CT images, Cui et al. and Ballangan et al. have each pro-

posed different automated detection schemes for lung tumors

in PET images in which the lung regions were obtained from

CT images [21,22]. The previous methods described in the

above studies detect the pulmonary nodules and masses from

CT [8–17] or PET [18–22] images alone. In clinical settings,

however, both PET and CT images are used complementar-

ily. Therefore, automated detection using both modalities is

also desirable for a CAD scheme.

Therefore, we have proposed an automated detection

scheme for pulmonary nodules using both CT and PET

images. The main goal of the method is to develop a basic

approach for automatically detecting both malignant and

benign nodules. In our pilot studies, the sensitivity of the

combined method was favorable compared to those obtained

by independent methods using CT or PET alone [23,24]. In

the present study, we propose an improved detection scheme

by introducing hybrid nodule detection and false positive

(FP) reduction with three classifiers. We analyzed the detec-

tion performance using screening PET/CT images.

Materials

In order to evaluate the detection ability of our scheme,

100 cases of PET/CT images were collected. The images

were acquired during a cancer-screening program at the East

Nagoya Imaging Diagnosis Center (Nagoya, Japan) using a

Siemens True Point Biograph 40 PET/CT scanner (Siemens).

PET images with a matrix size of 168×168 pixels (voxel size,

4.0 × 4.0 × 2.0 mm3) were obtained with free breathing and

CT images with a matrix size of 512 × 512 pixels and voxel

size of 0.97 × 0.97 × 2.0 mm3 were obtained during expi-

ration breath-hold. These PET and CT images were aligned

automatically by the PET/CT scanner. The dataset included

79 abnormal scans with pulmonary nodules and 21 normal

scans. Abnormality was defined based on either one or both

modalities. Among the 79 abnormal cases, there were 160

nodules detected by radiologist’s standard interpretations for

clinical cancer screenings. Figure 1 shows histograms of the

diameters (a) and CT values (b) of nodules included from

the CT images. The diameters of the nodules were measured

manually using in-house software. The average diameter was

13.7 mm, and CT value was 21.8 Hounsfield units.

Of the total 100 cases, 50 cases were randomly selected

and used as the training dataset for the optimization of para-

meters for nodule detection. Within this dataset, there was a

total of 78 nodules. For an objective evaluation of the efficacy

of our method for unseen cases, 50 additional PET/CT images

with 82 nodules were evaluated. This study was approved by

our institutional review board, and patient agreement was

based on the assumption that all data were anonymized.

Automated nodule detection

An overview of the method developed for nodule detection

in PET/CT images is shown in Fig. 2. Using the proposed

scheme, the pulmonary nodules were first detected separately

from the given PET and CT images using specific features
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Fig. 1 Histograms of nodule diameters (a) and CT values (b) in the

dataset

Fig. 2 Outline of the proposed detection method

of each image. Subsequently, final candidate regions were

identified by integrating the detection results of both modal-

ities. The detection and integration methods are described as

follows.

Nodule detection in CT images

Solitary nodules, including ground glass opacity (GGO),

were detected in the lung region on CT images by the main

procedure shown in Fig. 3 and described elsewhere [17],

Fig. 3 Flowchart of nodule detection in CT images

which involves the following steps: segmentation of the lung

region, nodule enhancement, and nodule segmentation.

In the first step, the lung region of the CT image was auto-

matically segmented by thresholding, and three-dimensional

morphological operations and the nodules are enhanced

using the unique cylindrical nodule contrast enhancement

filter (CNEF) that we developed so far. The original and

processed images obtained using CNEF are shown in Fig. 4.

The nodule appears to have a high CT value (Fig. 4a), equiv-

alent to those of the blood vessels. In the enhanced result

(Fig. 4b), the blood vessels are suppressed, but the nodules

have a selectively high CT value. The image in Fig. 4 is an

example of high-contrast nodule. In addition, low-contrast

nodules such as GGOs are also enhanced when there are no

high-contrast objects around the nodule. After enhancement

of nodule, the initial nodule regions are segmented by thresh-

olding of enhanced images followed by labeling.

The advantage of this method is the detection speed. In

the previous paper [17], detection performance and detection

time of CNEF were evaluated using images from the publicly

available testing database provided by the lung image data-

base consortium (LIDC) [25]. Sensitivity was 80 % with the

number of FPs/case at 4.2, and detection speed was 25–34 s

per case. The detection performance of CNEF was the same

or better than existing methods, and the detection time was

4–36 times faster.

Nodule detection in PET images

The PET scanner produces images of the 3D distribution

of systemic uptake of the intravenous radioactive tracer 2-

deoxy-2-[18F] fluoro-d-glucose (FDG). High FDG uptake

indicates that glucose metabolism is also high, and this has

proven to correlate to tumor malignancy [26–28]. Thus, this
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Fig. 4 Nodule enhancement

with the CNEF. Original image

(a) and nodule-enhanced image

(b). The arrows indicate the

detected nodules

(a) Original image (b) Nodule enhanced image 

Fig. 5 Flowchart of nodule detection in PET images

feature can be used for the characterization of tumors. How-

ever, high uptake is also observed in organs that have intrin-

sically high glucose metabolism (i.e., physiologic uptake),

and CAD methods must account for FPs in PET images from

physiologic uptake of FDG.

In the present study, high-uptake regions in the chest

on PET images were detected automatically as candidate

regions. Our novel detection algorithm, shown in Fig. 5,

involved following steps: transformation to SUV, detection

of initial candidate regions, and FP reduction.

Tissue radioactivity concentration (in kBq/mL) is avail-

able from PET images, but the measurement varies with

injected dose and patient weights. Therefore, the SUV is cal-

culated for each image as the ratio of measured activity to

injected dose/patient body weight [29].

SUV =
Measured activity [Bq/mL]

Injected dose
[

Bq
]

/bodyweight[g]
(1)

The SUV is a semi-quantitative criterion. High SUV suggests

malignancy, and in the lung region, an area with a maximum

SUV of ≥2.5 generally suspected as malignancy [30]. Here,

for initial detection of candidate nodules, thresholding and

labeling were performed with a threshold of SUV = 2.0 to

obtain a stable region with an SUV ≥ 2.5. Figure 6 shows a

result of initial nodule detection in PET images. Using thresh-

olding, the nodule in the left lung was detected. However,

note that initially the physiologic uptake in the myocardium,

liver, and kidneys is also mistaken for high-uptake regions.

To avoid the FPs due to physiologic uptake outside the

lungs, high-uptake regions inside lungs can be exclusively

detected after extracting the lung regions. Although it is opti-

mal to extract the lung regions from PET images with con-

sideration for the transformation of the lungs due to breath-

ing, this is very difficult to do precisely because of the poor

anatomical information provided by PET scanning. In order

to address this, we introduced the lung regions obtained by

the CT images described in the previous section. However,

the size of the lungs is also varied depending on the degree

of the breathing; lung region should be determined consider-

ing this effect in order to avoid the miss detection especially

around the border of lung. There is a report that the deviation

of the position between PET and CT images is approximately

7.5 mm [31]. Therefore, the lung region in PET images was

determined by performing the procedure where a dilation of

8 mm (2 pixels in the PET image) was applied to the original

lung region detected by CT images. In 100 cases of PET/CT

images, there were no missed nodules resulting from elimi-

nation by lung segmentation using the PET images.

High-uptake regions observed in the cardiac and hepatic

regions outside the lungs (green color) were thus eliminated

(Fig. 7), leaving the single initial candidate (red color) in the

left lung, which was identified as a true finding.

Integration and FP reduction

Initial candidate regions detected by CT and PET are rep-

resented as binary image. And then, these two images are

combined by logic OR. After checking the presence of the
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Fig. 6 Initial nodule detection

in PET images. Original image

(a) and binarized image (b).

Regions with SUV>2.0 are

indicated in red

(a) Original image (b) Binarized image 

Fig. 7 FP reduction. Lung

regions were isolated by CT (a),

and FP reduction was thus

achieved (b)

regions in both images pixel by pixel, the region detected

by at least one modality is treated as a nodule. Although

improvement of sensitivity by combining the two modali-

ties was expected, the increase of FPs was a challenge at

the same time. There were approximately 50 FPs per case in

the initial combined candidates. Therefore, FP reduction was

performed using multiple characteristic features and multi-

step classifiers by means of a rule-based classifier and three

support vector machines (SVMs) [32].

The flow chart of this FP reduction method is shown in

Fig. 8. First, characteristic values for each nodule candidate

are calculated and are given to the rule-based classifier. Obvi-

ous FPs and true positives that can be easily classified using

only one characteristic feature are identified. In general, the

problem that should be solved by the SVM is simplified by

eliminating the obvious false and true positives, which results

in the improvement of classification performance.

The remaining candidates were divided into three cat-

egories: (1) nodules detected in CT images, (2) nodules

detected in PET images, and (3) nodules detected by both

modalities. Types of characteristic features for FP reduction

depended on the above categories. For example, in case that a

nodule candidate is obtained by CT images alone, the shape

features from the PET images cannot be obtained because

no high-uptake regions in PET images exist in the same seg-

mented region as the one in the CT images. Therefore, we

introduced the three SVMs (#1, #2, and #3) to correspond

to each category. Each SVM classifies candidates into true

positive (TP) and FP based on the given characteristic values.

Here, the C-support vector classification (C-SVC) technique

was used, and the radial basis function was used as the kernel

function.

Suitable characteristic features were given for each SVM,

as listed in Table 1. These features were computed based on

shape and pixel values of the images. Details about these

calculations in CT images are described in our previous

paper [17]. Sectional area, volume, and surface area in PET

images were calculated within the binarized regions using a

threshold of SUV = 2.0. In Table 1, SVM #1 and SVM #2

employed characteristic features about SUV and CT values

derived from undetected images, respectively. These sim-

ple features can be obtained if the center coordinates of the

detected regions are known. Finally, candidate regions were

obtained by merging output of the three SVMs.

Experiments

Evaluation methods

The detection parameters were determined using the train-

ing dataset comprising PET/CT images of 50 cases. For an

objective evaluation of the efficacy of our method for unseen

cases, our method was applied to additional 50 cases. As

detection parameters for CT examinations, CNEF radius and

the threshold for nodule detection were set at 15 mm and
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Fig. 8 FP reduction using the rule-based classifier and 3 SVMs

Table 1 Characteristic features for FP reduction

Characteristic features Selected items for SVMs

SVM#1 SVM#2 SVM#3

Features from CT images

Area (X–Y, Y–Z, X–Z plane) � �

Volume � �

Surface area � �

CT value (center) � � �

CT value (max) � � �

CT value (standard deviation) � �

Convergence � �

Diameter � �

Overlapping area � �

Feature from PET images

Area (X–Y, Y–Z, X–Z plane) � �

Volume � �

Surface area � �

SUV (center) � � �

SUV (max) � � �

SUV (mean) � �

75, respectively. For the PET examinations, the threshold for

detection was set as SUV = 2.0. The rule-based classifier

used for FP reduction was designed according to the follow-

ing conditions using the training dataset:

(1) In PET detection, candidates with SUV>10.0 were

judged as TP.

(2) In CT detection, candidates whose vector concentration

value was <0.4 were judged as FPs.

(3) In CT detection, candidates whose volume was<25 mm3

were judged as FPs.

To the SVMs for FP reduction, we introduced the LibSVM

[33] and C-SVC with the kernel of the radial basis function.

During this evaluation, the different pairs of the sensitivity

and the number of FPs per case were calculated by chang-

ing the parameters (cost and gamma) for SVM, and thus, the

FROC curve was obtained. Here, sensitivity was defined as

the ratio of the number of detected true nodules to the number

of true nodules in the database and is expressed as a percent-

age. Furthermore, FROC curves for CT or PET detection

alone were obtained in order to compare with the combined

detection. As for the FP reduction in these detections, we

introduced the same method as the PET/CT detection. In FP

reduction for both CT and PET detection, single images (CT

or PET) can be used. Therefore, the number of characteristic

values that we can obtain was restricted. We used one SVM,

and the number of characteristic features was smaller than

the number of features listed in Table 1. There were 9 and 6

types of features calculated in the candidate regions for CT

and PET detection, respectively, and a single SVM classi-

fied the candidates into true positives and FPs using these

features.

Results

Figure 9 shows the FROC curves for CT detection, PET

detection, and combined detection. Many recent CAD sys-

tems for lung nodules have been evaluated using sensitivity

with FPs/case of ∼5.0. In the same way, the sensitivity for

detecting nodules using only CT images in the present study

was 75.0 % with FP/case = 5.0. By combining CT and PET

detection, sensitivity was improved to 83.0 % with FP/case =

5.0. Therefore, the sensitivity of our hybrid scheme was 8 %

greater than that of the independent detection systems using

only CT images.

Figure 10 shows nodules detected in CT images. Sam-

ple 1 shows detection of a GGO that would not have shown

high uptake on PET. Sample 2 indicates the detection of a

Fig. 9 FROC curves for CT, PET, and combined detection algorithms
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Fig. 10 Nodule detected by CT

images. The boxes indicate the

nodules detected by the

proposed CAD algorithm

(a) Sample 1: CT image (b) Sample 1: PET image

(c) Sample 2: CT image (d) Sample 2: PET image

calcified granuloma without metabolic activity. Figure 11

shows examples of nodules detected by the PET algorithms.

When the nodule size increases, it becomes more likely for it

to merge with blood vessels, lung wall, and mediastinum.

These types of nodules become difficult to detect in CT

images using the detection algorithm for solitary nodules;

furthermore, significant increases in uptake can be accurately

detected by PET. A nodule detected by both PET and CT

images is shown in Fig. 12.

Discussion

Because our CAD system integrates the detection abilities of

2 different types of imaging modalities, the sensitivity of our

hybrid scheme is higher than that of independent detection

systems using only CT or PET alone. The Venn diagram of

the nodules detected by both CT and PET at a sensitivity of

83.0 % and FPs/case = 5.0 is shown in Fig. 13. As seen in

the figure, 30.5 % of the nodules were detected by both CT

and PET, while 46.3 and 6.1 % of the nodules were detected

by CT and PET alone, respectively. These results indicate

that the combination of CT and PET yields complementary

results.

On the other hand, of the 82 nodules present, there were

14 that were not detected by the proposed methods. These

undetected nodules are shown in Fig. 14. Most of the unde-

tected nodules were GGOs that merged or overlapped with

blood vessels or bronchi.

The nodule detection capabilities of the proposed algo-

rithms were dependent on the nodule size and nodule con-

trast (visibility). In order to analyze the characteristics of the

proposed method, we investigated the relationship between

CT values of the nodules and sensitivity, as well as nodule

diameter (Dn) and sensitivity.

Table 2 shows the relationship between Dn and sen-

sitivity. Here, all the nodules in the evaluation dataset

were classified into two categories based on their diam-

eter: <10 mm and ≥10 mm. We found that most nod-

ules with diameters <10 mm were detected using the CT

images. PET did not detect these nodules because the

SUV of small nodules decreases due to the partial volume

effect. On the other hand, 76.3 % of nodules with diameters

≥10 mm were detected in PET images. For the larger nod-

ules, CT detection performance decreases because of fus-

ing of the structures in the mediastinum and chest wall. On

the other hand, PET detection performance of these larger
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Fig. 11 Nodule detected by

PET images. Dashed boxes

indicate the nodules detected by

the proposed CAD algorithm

(a) Sample 3: CT image (b) Sample 3: PET image

(c) Sample 4: CT image (d) Sample 4: PET image

Fig. 12 Nodule detected by CT

and PET images. Double lined

boxes indicate the nodules

detected by the proposed CAD

method

(b) Sample 5: PET image(a) Sample 5: CT image 

lesions can be better because they may have high uptake val-

ues.

Next, the relationship between CT values and sensitivity

was investigated. We defined CTmax as the maximum CT

value calculated inside the nodule regions identified by a

radiologist. Most solid nodules have a CT value > 0, and

GGO nodules have a CT value < 0 [34]. Therefore, we clas-

sified the nodules into those with CTmax < 0 and CTmax ≥ 0.

Table 3 shows the relationship between CT values and sen-

sitivity. The nodules with CTmax ≥ 0 were associated with

slightly greater CT sensitivity compared with PET and the

sensitivity of combined detection improved to 89.8 %, which

indicated that the proposed method yields good results for

nodules with high CT values. As for nodules with CTmax < 0,
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Fig. 13 Venn diagram captures the fraction of nodules detected by

our algorithms in the different modalities: 30.5 % of the nodules were

detected by both CT and PET, while 46.3 and 6.1 % of the nodules were

detected only by CT or PET, respectively

sensitivity of detection by PET was 18.2 %, which was much

lower than the sensitivity obtained with CT. Although sen-

sitivity of the combined result was improved to 72.7 %, the

detection performance was still lower than observed for the

nodules with high CT values. Detection performance for

these low CT value nodules should be improved by design-

ing and introducing alternate detection algorithms, just as

lung tumors are detected and characterized by fusing PET

and CT images in the practical diagnosis [7]. Nie et al.

have developed semi-automated scheme for distinguishing

between benign and malignant pulmonary nodules by inte-

grating PET and CT information and have shown that diag-

nostic accuracy was better than CT alone or PET alone [35].

In future, we plan to develop a fused detection approach by

combining clinical features related to malignancy. Conse-

quently, we will investigate the contribution rate of all fea-

tures for the nodule detection.

In order to evaluate the bias of the image dataset, we cal-

culated the detection performance by swapping the training

and evaluation datasets. As a result, the sensitivity was 83.5 %

with the number of FPs/case at 4.1. This result was similar

to the original result, indicating that the bias between the

training and evaluation datasets was negligible.

The processing time was approximately 1 min/scan using

a 2.8 GHz personal computer. This is much shorter than the

data acquisition time, and the time required for the radiologist

to read an image in real time. This speed could allow further

detailed examinations to be performed without delay. For

example, automated nodule detection could be completed

Fig. 14 Undetected nodules.

The images show nodules that

were missed by the CAD

algorithms

(a) Sample 6: CT image (b) Sample 6: PET image

(c) Sample 7: CT image (d) Sample 7: PET image
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Table 2 Sensitivity of each detection method for nodules classified

according to the nodule diameter Dn

Nodule diameter Dn

(mm)

Sensitivity (%)

CT detection PET detection Combined

Dn < 10 75.0 2.3 75.0

Dn ≥ 10 78.9 76.3 92.1

Table 3 Sensitivity of each detection method for CT values divided

into 2 ranges

CTmax (H.U.) Sensitivity (%)

CT detection PET detection Combined

CTmax < 0 69.7 18.2 72.7

CTmax ≥ 0 81.6 49.0 89.8

while a patient waits on the scanning bed, and if indicated by

the automated result, high-resolution CT scan or a late-phase

PET scan can be obtained immediately.

Conclusions

In this study, we developed and tested a hybrid method of

lung nodule detection using PET/CT images. To date, the

usual scheme for pulmonary nodule detection involves imag-

ing by either CT or PET alone. The method proposed here

detects lung nodules using both the anatomical information

obtained by CT and the functional information obtained with

PET, as well as an interpretation procedure by radiologists.

CT images detected solitary nodules using the cylindrical

nodule contrast enhancement filter (CNEF) that we devel-

oped previously. The PET images were binarized based on

standard uptake values (SUVs), and high-uptake regions are

detected. Initial candidate nodules are identified by combin-

ing CT and PET results. False positives (FPs) among the

initial candidates were eliminated using a rule-based classi-

fier and three support vector machines (SVMs) with char-

acteristic values obtained from CT and PET images. In the

present study, we evaluated this proposed method using 100

cases of PET/CT images. We found that the sensitivity of

the integrated results was 83.0 % with FPs/case = 5.0, and

these results are much more desirable than those obtained

via independent detection methods using CT or PET alone.

In summary, the results indicate that this novel hybrid method

may be useful for the detection of lung cancers, perhaps par-

ticularly in mass-screening settings.
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