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ARTICLE INFO ABSTRACT

Keywords: Purpose: The study is to explore potential features and develop classification models for distinguishing benign
Lung lesion and malignant lung lesions based on CT-radiomics features and PET metabolic parameters extracted from PET/
CT-radiomics features CT images.

PET metabolic parameters

Materials and methods: A retrospective study was conducted in baseline 18 F-flurodeoxyglucose positron emis-
Potential feature

sion tomography/ computed tomography (18 F-FDG PET/CT) images of 135 patients. The dataset was utilized
for feature extraction of CT-radiomics features and PET metabolic parameters based on volume of interest, then
went through feature selection and model development with strategy of five-fold cross-validation. Specifically,
model development used support vector machine, PET metabolic parameters selection used Akaike’s information
criterion, and CT-radiomics were reduced by the least absolute shrinkage and selection operator method then
forward selection approach. The diagnostic performances of CT-radiomics, PET metabolic parameters and
combination of both were illustrated by receiver operating characteristic (ROC) curves, and compared by Delong
test. Five groups of selected PET metabolic parameters and CT-radiomics were counted, and potential features
were found and analyzed with Mann-Whitney U test.

Results: The CT-radiomics, PET metabolic parameters, and combination of both among five subsets showed
mean area under the curve (AUC) of 0.820 + 0.053, 0.874 + 0.081, and 0.887 = 0.046, respectively. No
significant differences in ROC among models were observed through pairwise comparison in each fold (P-value
from 0.09 to 0.81, Delong test). The potential features were found to be SurfaceVolumeRatio and SUVpeak
(P < 0.001 of both, U test).

Conclusion: The classification models developed by CT-radiomics features and PET metabolic parameters based
on PET/CT images have substantial diagnostic capacity on lung lesions.

Abbreviations: 18F-FDGPET/CT, 18F-flurodeoxyglucose positron emission tomography/ computed tomography; AIC, Akaike’s information criterion; LASSO, least
absolute shrinkage and selection operator; ROC, receiver operating characteristic; AUC, area under the curve; SVM, support vector machine; OSEM, ordered subset
expectation maximization; VOI, volume of interest; SUV, standardized uptake volume; MTV, metabolic tumor volume
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1. Introduction

Lung cancer has been one of the most common forms of cancers and
a leading cause of mortality in the world. Early diagnosis of lung cancer
through screening has become more important in clinical practice
[1,2], and accurate classification of lung lesions is a prerequisite for
adequate clinical management.

As a functional imaging technique, 18 F-fluodeoxyglucose positron
emission tomography (18 F-FDG PET) measuring metabolic activity has
been used for assessment and diagnosis of lung lesions [3], which is
frequently based on the quantitative parameters named standardized
uptake values of a tracer (SUV) [4]. However, PET scans usually were
accompanied with side effects, such as high false positive rates on
granulomatous disease and inflammatory pseudotumor, financial cost
and radiation exposure. The revolutionized combination of positron
emission tomography and computed tomography (PET/CT) has greatly
increased the strong ability to accurately diagnose properties of lung
lesions, even assisting in the staging of lung cancer [5-7]. Shanna et al.
[7]1 revealed that PET/CT combining the strength of anatomic and
metabolic imaging demonstrated an amazing performance in classifying
solitary pulmonary nodules as benign or malignant. Yet the inter-
pretation of imaging in their study was mainly performed by radi-
ologists and nuclear medicine physicians, therefore the relevant results
were subject to individual physician experience which results in more
random and not conducive to grassroots promotion. Meanwhile, the
above-mentioned inherent defects of PET have not been well resolved,
and the less expensive and more popular modality of CT did not show
satisfactory consequences in the study with low accuracy and low
specificity. Consequently, more stable and effective features from CT
images should be added.

Recently, radiomics analysis has attracted increased attention as a
potential classification tool and is showing promising prospects to im-
prove the diagnostic accuracy of imaging on CT [8-11].

Radiomics analysis is the process of conversion of image informa-
tion into high-dimensional and mineable data via high-throughput ex-
traction of sets of quantitative features [12]. Choi et al. [13] have
confirmed than an SVM(support vector machine)-LASSO (least absolute
shrinkage and selection operator) model developed with two CT
radiomics features achieved an accuracy of 84.6% for diagnosis of lung
cancer. Hawkins et al. [14] built and tested classifiers for successfully
predicting malignant nodules.

Mediastinal lymph nodes characterization was also studied by
Digumarthy et al. [15] based on radiomics features. The combination of
PET metabolic parameters with radiomics features extracted from PET
images was reported for prognosis of recurrence and survival in lung
cancer [16]. The performance of the combination of radiomics features
from CT image components and PET metabolic parameters for the di-
agnosis of lung lesions has not been investigated to date.

In our study, CT-radiomics features and PET metabolic parameters
were extracted from only the CT image components and PET images of
18 F-FDG PET/CT respectively. Three models (CT-radiomics features,
PET metabolic parameters, and a combination of both) were developed
to differentiate malignant and benign lung lesions. Moreover, CT-
radiomics features and PET metabolic parameters were further explored
to obtain potential features representing certain lung lesion clinical
characteristics.

2. Materials and methods
2.1. Patients

The study was approved by the Tianjin Cancer Hospital Medical
Ethics Committee and informed consent was waived. The study enrolled
patients who had undergone 18 F-FDG PET/CT scanning in our hospital
from January 2014 to January 2016, for whom a pathology diagnosis
was available. The inclusion criteria for patients were well-defined
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pathology after biopsy or surgery. Exclusion criteria for patients in-
cluded the following: 1) radiation therapy or chemotherapy prior to
PET/CT scanning, 2) the presence of calcium, cavity, air bubble in the
lesion, bronchoalveolar pneumonia, peripheral consolidation, and
bubbles in mediastinum, 3) the lung lesion volume less than 1cm?, and
4) the lesion invading into hilum of lung, mediastinum, and peri-
cardium.

2.2. Image acquisition and reconstruction

The 18 F-FDG PET/CT scanning was performed with a hybrid PET/
CT scanner (Discovery ST4, GE Healthcare, Chicago, IL, USA). All pa-
tients fasted for at least 6h and were injected with 18F-FDG
(3.70-4.81 m Bq /kg) depending on body weight at 66 *+ 10 min be-
fore data acquisition. The protocol included an initial CT scan followed
by PET acquisition. PET data were obtained in three-dimensional mode
using 6 to 8 bed positions with 2 min per bed position. PET images were
reconstructed with an attenuation correction calculated from registered
CT images using the ordered subset expectation maximization (OSEM)
iterative algorithm [17]. The initial CT image acquisition was con-
ducted with slice thickness 3.75mm (120KVp, 100mA), and re-
constructed to a 512 x 512 matrix (voxels size, 0.98 x 0.98 x 3.27
mm?®). Then PET images, CT images and fused PET/CT data were
available for viewing in coronal, sagittal and axial planes using an
Xeleris review station (GE Healthcare).

2.3. PET metabolic parameters extraction

We chose nine metabolic parameters of 18 F-FDG uptake that are
generally used for measurement of intratumoral heterogeneity. They
were delineated using the PET VCAR visualization product (GE
Healthcare) on a workstation (Advantage version 4.6, GE Healthcare)
by cutoff of 40% maximum standardized uptake value (SUVmax). The
nine PET metabolic parameters are as follows: MTV, SUVmax,
SUVmean, SUVpeak, SULmax, SULmean, SULpeak, SUVTLG and
SULTLG, and the detailed description of these PET metabolic para-
meters was shown in Appendix A in Supplementary materials.

2.4. Lung lesion segmentation and radiomics feature extraction on CT image

The volume of interest (VOI) for extracting radiomics feature was
contoured on the CT image component of the 18 F-FDG PET/CT scans
by two physicians, each with 10 years of experience. Attention was paid
to avoiding adjacent vascular structures, chest wall or mediastinum
[18]. Each lesion was delineated on every sequential slice.

In order to remove individual acquisition differences and aniso-
tropy, the images were normalized and resampled into the voxel size of
1 x 1 x 1mm? on a Radcloud platform (version 2.1.2, http://radcloud.
cn/, Huiying Medical Technology Co., Ltd, Beijing, China) before all of
work of radiomics feature extraction, then the total of 1029 radiomics
feature of VOI from CT images were also extracted on platform.

The radiomics features were divided into three groups: 1) first order
features, 2) shape features, 3) texture features group. In addition, tex-
ture features were divided into the following three subgroups: Gray
Level Co-occurrence Matrix (GLCM), Gray Level Run Length Matrix
(GLRLM) and Gray Level Size Zone Matrix (GLSZM). Each specific
feature in the groups of first-order features, shape features, GLCM,
GLRLM and GLSZM was listed in Table Al of Appendix A in
Supplementary materials.

Only shape features were calculated on the original image, while the
other groups (1 and 3) were computed on both the original image and
derived images. The images were processed using filters including the
exponential filter, square filter, square root filter, logarithm filter and
wavelet decomposition filter [19,20].

Besides, the wavelet decomposition includes the following three-
dimensional wavelet transforms by directional low-pass (L) and high-


http://radcloud.cn/
http://radcloud.cn/

R. Zhang, et al.

pass (H) filtering: wave-LHL, wave-LHH, wave-HLL, wave-LLH, wave-
HLH, wave-HHH, wave-HHL and wave-LLL.

In conclusion, the feature distribution: the number of all features
(1029) = shape (15) + [first-order features (19) + GLCM (27) +
GLRLM (16) + GLSZM (16)] X the numbers of original and processed
images (13). Detailed information is listed in Appendix A in
Supplementary materials [19].

2.5. Feature selection and model development

To develop a robust and stable diagnosis model, a five-fold cross-
validation method was conducted based on our data set: The whole set
was randomly partitioned into five equal sized subsets, of which one
subset was utilized as the test set and the remaining four subsets as the
training set, repeating five times to ensure that each of five subsets was
used as the test set only once. Each time, the training set went through
three procedures of feature standardization, feature selection, and
model development, then features in the test set were also standardized
and selected based on the relevant statistics stored by the training set to
evaluate the model. All of the above work was done using Python3.6
(https://www.python.org/) in an Anaconda3 platform (https://www.
anaconda.com) with scikit-learn (https://scikit-learn.org/) and mat-
plotlib packages (https://matplotlib.org/), and the parameters of
methods not specifically mentioned in the latter part were used by
default in scikit-learn package. The workflow chart of feature selection
and model development is displayed in Fig. 1.

2.5.1. Feature standardization

In order to avoid some features overwhelming others, each feature
(including CT-radiomics features and PET metabolic parameters) was
standardized independently by removing the mean and scaling to unit
variance in the training set, as follows:
Xi‘} — M

Oi

where i is the i" feature, j is the j™ patient, XU is the standardized
feature value, Xj; is the original feature value, and y; and o; are the
original feature’s mean value and standard deviation respectively.
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2.5.2. Feature selection

Feature selection is a general requirement for many machine
learning studies. It can help to improve models’ performance ability and
decrease dataset redundancy. Two kinds of strategies were used to se-
lect PET metabolic parameters and CT-radiomics features respectively.

2.5.2.1. PET metabolism parameters. An inner five-fold cross-validation
using complete measure (exhausting all possible combinations of PET
metabolism parameters) [21] with the support vector machine (SVM)
[22] method in the training set was performed to search for the optimal
parameter subset according to the minimum of mean Akaike’s
information criterion (AIC) [23] (mean AIC values of all possible
subsets in each group shown in Appendix B in Supplementary
materials). AIC follows the ‘principle of parsimony’, inclined to
choose the subset with fewer parameters with guarantee of a
satisfactory performance. The used formula of AIC is as follows:

AIC = nln(ﬁ) + 2m
n

where n is the number of samples, m is the number of features, and RSS
is residual sum of squares.

2.5.2.2. CT-radiomics features. The least absolute shrinkage and
selection operator (LASSO) method [24], which is suitable for the
regression of high-dimension data with a highly redundant feature
space, was used to select the most useful diagnostic feature from the
training set. The optimal a, which is the coefficient of regularization in
the LASSO method, was selected using inner ten-fold cross-validation in
the training set via minimum average mean square error (MSE).
Subsequently, the radiomics parameters with non-zero coefficients in
the LASSO model generated by the whole training set with the optimal
a were selected.

To avoid over-fitting caused by above feature selection process, the
number of selected radiomics parameters was further reduced using a
forward selection approach (starting with no features in the model, and
successively adding the features ranked by the absolute values of
coefficients in the LASSO model to improve the model fitting the cri-
terion) [25] in a five-fold cross-validation loop with the SVM method.
The criterion of confirming a final number in our study was the least

Model Development

CT-Radiomics & PET-
Metabolic parameters

CT-Radiomics

(avoid overfitting)

[ The whole set

B_ 5-fold

I standard deviation.

(e[t T2T3T+] Complee seection -
Test set Training set (using mean AIC) SVM Method
| JEEERENE
Each run (training set + test set) going through above procedures
ecetva operating charactariatiihOC) Receivar oparating cha woer | [ mecetveroperating charnctaitic moc)
e F [Em—
f i == r g
i -~ i — ] [
i ﬁ H J H r
4 - | w | -
CT-Radiomics PET-Metabolic parameters the Combination

Diagnostic Performance

Fig. 1. The workflow chart of feature selection and model development using five-fold cross-validation with support machine vector (SVM) method. The models were
developed by the feature selection in the training set and evaluated by the test set in each run.
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one with the mean area under the curve (AUC) over 0.8, or the most one
if the mean AUC of each possible number was unable to reach 0.8.

2.5.3. Model development

Three diagnostic models of CT-radiomics features, PET metabolism
parameters and the combination of both were also developed by the
SVM method in the training set based on the selected PET metabolic
parameters and CT-radiomics features.

Support vector machine is an effective and efficient supervised
learning method, especially in limited sample sizes and high dimensional
spaces, which uses several of training samples (called support vectors) to
build the decision function based on specific kernel function, and the
penalty parameter C to avoid over-fitting [26]. In our study, the hyper-
parameters of methods followed default settings of packages, using the
radial basis Function (RBF) kernel, and the value of C setting 1.

2.6. Statistical analysis

The diagnostic performance of the three models was evaluated by
the independent test set in each run, illustrated by the receiver oper-
ating characteristic curve (ROC curve) with indices of AUC, accuracy,
sensitivity and specificity. The criterion value dividing the benign and
malignant predictive values was determined by the maximum of the
Youden index [27] (calculating the sum of sensitivity and specificity
and then subtracting one over all possible threshold values), which also
corresponded with the point on the ROC curve farthest from the diag-
onal line named ‘Luck’ in plots. The significant differences in the ROC
curves between models were compared using the Delong test [28]
(Medcalc version 15.2.2, http://www.medcalc.org).

Five groups of the selected PET metabolic parameters and CT-
radiomics features were counted, and the features appearing five times
(regarded as ‘potential features’ by us) were analyzed statistically. The
Mann-Whitney U test [29] was performed to assess the differences of
potential features between benign and malignant groups. We also
plotted histograms of potential features of the two groups and visua-
lized the distribution density estimated by the Gaussian kernel with
appropriate bandwidth.

For patient clinical characteristics, continuous variables (e.g., age)
were presented as the mean standard deviation, while categorical
variables (e.g., pathology type and gender) were presented as the per-
centages. A P-value less than 0.05 (two tailed) was considered as sta-
tistically significant in our study.

3. Results
3.1. Patient characteristics

One hundred and thirty-five patients were included in our study
(age: 58 = 1lyears). Of these 87(64%) were men and 48 (36%) were
women, and 40% were diagnosed as benign and 60% malignant based
on clinical pathology results. Detail clinical information of patients is
summarized in Table 1.

3.2. Features selection

Of nine PET metabolism parameters, only the subset including one
parameter named SUVpeak was selected. For selection of CT-radiomics
features, five groups of significant features were selected by the LASSO
method and forward selection approach (all of the selected radiomics
features are shown in Table 2 and Fig. 2, and the details of the CT-
radiomics feature selection are shown in Appendix C in Supplementary
materials). Ten of these features appeared at least once in five runs of
cross-validation; the feature named ‘RootMeanSquared’ after logarithm
filtering appeared three times, and the ‘SurfaceVolumeRatio’ from the
shape feature group appeared five times.
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Table 1
Clinical information of patients with lung lesions.

Lesion Pathology Number (Percentage)

Granulomatous Lesion
Inflammatory Pseudotumor
Hemangioma

Fibrocellullar Tumor
Squamous Cell Carcinoma
Adenoid Cell Carcinoma

23 (17.0%)
29 (21.5%)
1 (0.7%)
1 (0.7%)
22 (16.3%)
48 (35.5%)

Large Cell Carcinoma 7 (5.2%)

Mixture of Squamous and Adenoid Cell Carcinoma 2 (1.5%)

Diffuse Large B Lymphoma 1 (0.7%)

Thymoma 1 (0.7%)

Gender Number (Percentage)
Male 87 (64%)

Female 48 (36%)

Age (years, mean * standard deviation) 58 + 11

Age Range (years) 17-85

Note: granulomatous lesion, inflammatory pseudotumor, hemangioma and fi-
brocellullar tumor are benign lung lesions, while squamous cell carcinoma,
adenoid cell carcinoma, large cell carcinoma, mixture of squamous and adenoid
cell carcinoma, diffuse large B lymphoma and thymoma are malignant lung
lesions.

Table 2
Five groups of CT-radiomics features selected by the least absolute shrinkage
and selection operator (LASSO) and Forward selection approach.

Group CT-radiomics features

group 0 Original_shape_SurfaceVolumeRatio
Logarithm_firstorder RootMeanSquared
Original_shape_SurfaceVolumeRatio
Original_shape_Sphericity
Logarithm_glem_ClusterShade
Wavelet_LLH_glrlm_ShortLowGrayLevelEmphasis
Original_shape_SurfaceVolumeRatio
Logarithm_firstorder RootMeanSquared

Original shape_Elongation
Original_shape_SurfaceVolumeRatio
Logarithm_firstorder RootMeanSquared
Wavelet_HHL _firstorder_Maximum

Wavelet HHH_glszm_HighGrayLevelZoneEmphasis
Wavele_ HHL _glszm_SmallAreaHighGrayLevelEmphasis
Original_shape_SurfaceVolumeRatio
Original_shape_Compactnessl

group 1

group 2

group 3

group 4

Note: Group, from group O to group 4, means the training set in each run of five-
fold cross-validation. The meaning of each feature format is
Filter_FeatureGroup_FeatureName, and ‘Original’ stands for the radiomics fea-
tures extracted from the original images without preprocessing.

PET-SUV

original_shape_Compactness1 == CT radiomics

_glszm_:

_glszm_Hi
wavelet-HHL_firstorder_Maximum
original_shape_Elongation
original_shape_sphericity
logarithm_glcm_Clustershade

wavelet-LLH_glrim_ShortRunLowGrayLevelEmphasis

the Selected Features

original_shape_SurfaceVolumeRatio

suvPeak

3
Count

Fig. 2. The bar chart of counts of all selected CT-radiomics features and PET me-
tabolic parameters in five groups. ‘Orange’ bar depicts the only selected metabolic
parameter — SUVpeak; ‘Blue’ bars depict the radiomics features selected in five
groups, and ten features appear at least once with
‘logarithm firstorder RootMeanSquared’ and ‘original shape SurfaceVolumnRatio’
being more frequent.
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Fig. 3. Receiver operating characteristic (ROC) curves for identifying benign
and malignant lung lesions using CT-radiomics features, PET metabolic para-
meters and the combination of both models, respectively.

In each subplot, five light thin curves respectively represent the ROC of each
fold (namely, test set) in five-fold cross-validation, and the blue thick curve is
mean ROC curve with the shadow area of standard deviation. The dotted line
named ‘Luck’ showed that inputted features could not distinguish two groups
and the area is equal to 0.5. More generally, whether the prediction was benign
or malignant is by a matter of ‘Luck’.

3.3. Diagnostic performance

The diagnostic performance of three kinds of models including
radiomics parameters, PET metabolism parameter and the combination
of both illuminated by ROC curves is shown in Fig. 3, with mean AUC of
0.820 = 0.053 and 0.874 = 0.081 and 0.887 = 0.046, respectively.
Mean AUC, accuracy and sensitivity and specificity of five-fold cross-
validation are summarized in Table 3.

In each run, no significant difference among ROC curves of CT-
radiomics features, PET metabolic parameters and combined models
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(range of P-value from 0.09 to 0.81, Delong test) was observed. When
comparing the ROC curves of combining the predicted probabilities of
all cases, we found significant differences between those obtained from
CT-radiomics features and those obtained from combined models
(P = 0.018, Delong test).

3.4. Comparison of benign and malignant groups based on potential features

Differentiation of benign and malignant lung lesions based on both
‘SurfaceVolumeRatio’ (P < 0.001, U test) and ‘SUVpeak’ (P < 0.001,
U test) showed significant differences (shown in Fig. 4). The histograms
and distribution density of potential features between benign and ma-
lignant groups are shown in Fig. 5A and B. For ‘SUVpeak’, the dis-
tribution density of two groups was estimated by a Gaussian kernel with
bandwidth of 0.04, the values of benign mainly concentrated in the
range 0-10, while the values of malignant tended to be larger ranging
from 5 to 15.

The distribution density of ‘SurfaceVolumeRatio’ was fitted by same
kernel with bandwidth of 1.8, and the value range of malignant was
0.1-0.4 approximately. We noticed that the distribution density of
‘SurfaceVolumeRatio’ for the benign group had two peaks, and the
benign lung lesions mainly contained two kinds of subtypes named
“granulomatous  lesion” and “inflammatory = pseudotumor”.
Consequently, the U test and distribution density estimation of poten-
tial features were also conducted in the granulomatous lesion and in-
flammatory pseudotumor subtypes, and the consequences showed a
significant difference (SurfaceVolumeRatio, P = 0.00029; SUVpeak,
P = 0.030, U test; shown in Fig. 4) and one peak on each of the two
subtypes (shown in Fig. 5C).

4. Discussion

The study developed three kinds of classification models using an
SVM method and the strategy of five-fold cross-validation to distinguish
the properties of lung lesions. These models were the models of CT-
radiomics features, PET metabolic parameters and the combination of
both respectively. The results showed satisfactory diagnostic perfor-
mances for both CT-radiomics features and PET metabolic parameters
with mean AUC of 0.820 = 0.053, 0.874 + 0.081 and 0.887 = 0.046
for the combination of both.

Despite of this, there was the significant difference between CT-
radiomics features and the combination on the whole data set
(P = 0.018, Delong test). We did not observe any significant differences
in ROC curves among the models through pairwise comparison in each
fold (range of P-value from 0.09 to 0.81, Delong test). Considering the
intuitive difference in AUC values, we generally think that the perfor-
mance from high to low is the combination model, model followed by
PET metabolic parameters and then CT-radiomics features, which was
almost consistent with the report of Shanna et al. [7], if we must sort
the three models. Shanna et al. [7] reported that PET/CT performs
significantly better than PET alone in accuracy, sensitivity and speci-
ficity, and better than CT alone in specificity. The integration of ad-
vantage with PET/CT is better selection by maintaining the sensitivity
of CT and the specificity of PET. In our study, radiomics features was
used to obtain more information of lesions on PET/CT images.

In clinical practice, it is, of course, ideal to use the both modalities
of PET and CT modalities or a single PET for pulmonary lesion diag-
nosis, but in view of the high penetration rate and low cost of CT
around the world, our study shows that CT based on radiomics features
might be a good alternative under the limited medical conditions.

Previous studies [14,30,31] reported that radiomics in medical
imaging had been successfully applied to non-invasive diagnosis and
prognosis, including the prediction of pulmonary lesions
[13,14,31-33]. In line with those similar researches, we almost used the
followed methods: 1) CT-radiomics to extract a variety of image fea-
tures including texture, intensity and shape; 2) classical and efficient
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Table 3

Diagnostic performance of CT-radiomics features, PET metabolic parameters and the combined of both models in five-fold cross-validation.
Model AUC Accuracy Sensitivity Specificity
CT-Radiomics 0.820 + 0.053 0.740 = 0.043 0.740 = 0.050 0.740 = 0.040
PET metabolic parameter 0.874 + 0.081 0.814 + 0.085 0.814 + 0.089 0.815 + 0.082
Combined 0.887 + 0.046 0.815 * 0.066 0.814 = 0.058 0.816 = 0.079

Note: the format of value was mean * standard deviation, AUC is area under receiver operating characteristic curve.
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in their datasets.

machine learning methods for feature selection (LASSO in Choi W et al.
[13] and us) and model building (such as SVM in Choi W et al. and
Hawkins S et al. [13,14] and us, random forest(RF) in Huang P et al.
[31] and Hawkins S et al. [14]); 3) using nested cross-validation
methods to maximize the utility of limited data sets while ensuring
repeatability and stability of results (except Huang P et al. [31], which
just split the whole data set into training set and validation set).
However, there remain some striking differences between previous
studies and ours. Firstly, the goal of reports of Huang P et al. [31] Choi
W et al. [13] and Hawkins S et al. [14] was to predict and detect early
the potential malignant pulmonary nodules (namely, lung cancer), re-
sulting in the small nodule lengths. Consequently, they used relatively
short ranging from 4 to 20 mm, while our study aimed to determine the
properties of lung lesions and included the lung lesions with volume
more than 1ecm®. Secondly, the studies [32,33] in the past preferred
using PET images for predicting tumor histopathology and genetics

instead of classifying lung lesions, which might due to the limited re-
solution of PET for detection of small nodules and rare studies focusing
on the determination of properties of lesions. But we used PET/CT
images to expand research materials and ensure the consistency of data
and the accuracy of lesion segmentation.

We also explored the potential features for diagnosis of lesion
properties  determined by  cross-validation, = which  were
‘SurfaceVolumeRatio’ from CT-radiomics features belonging to the
group of shape, and ‘SUVpeak’ from PET metabolic parameters. The
‘SurfaceVolumeRatio’ stands for the ratio between surface and volume
for an entity, for which the larger the value is, the more blurred and
lower the edges is. The finding in our study was consistent with those in
these reports [32,34] using fractal analysis. Significant differences be-
tween two groups (benign and malignant lung lesions) and potential
features were also found (SUVpeak: P < 0.001, SurfaceVolumeRatio:
P < 0.001, U test), thus further supporting the hypothesis that the
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combination of CT-radiomics features and PET metabolic parameters
could be useful as diagnostic tool. Furthermore, when comparing the
potential CT-radiomics features selected by different studies, we no-
ticed that there were more selected textural features and different be-
tween each other in published reports [13,14,31]; instead our study just

acquired one most valuable radiomics feature which belonged to shape
feature. According to our speculation, the reasons might be that ‘Sur-
faceVolumeRatio’ is not significant enough in the small length nodules,
the retrospective study cannot completely control various the inter-
ference factors and the texture feature is greatly unstable for the
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disturbance fluctuation [35,36].

For explanation of the distribution density of potential features for
benign lesions with two peaks, further analysis was conducted to dis-
tinguish granulomatous lesion from inflammatory pseudotumor using U
test and distribution density estimation. The results showed a statisti-
cally significant difference for ‘SurfaceVolumeRatio’ (P = 0.00029) and
‘SUVpeak’ (P = 0.030), but poorer capacity for distinguishing between
granulomatous lesions from inflammatory pseudotumor using PET
parameters than CT-radiomics features. A possible explanation might
be that we only included patients with primary tumor of volume of at
least 1cm®. In accordance with previous publications, the minimum size
was chosen in order to reliably quantify tracer uptake heterogeneity
parameters [37], this patient cohort may also have had an in-
flammatory component. Although encouraging, the potential features
acquired were possible following data augmentation, which could po-
tentially lead to overoptimistic results.

This study was a retrospective analysis that enrolled a small number
of diverse patients with different pathologies of benign or malignant
lesions. Even though the large number of 18 F-FDG PET/CT images are
available in our institute, the variety of parameters of equipment setup
exists not only among different facilities but also within the same in-
stitution. Studies reported the great issue on reliability and repeatability
of radiomics extraction parameters from CT images [38,39], and the
effect of imaging parameters including scanning parameters and section
thickness [40]. The efforts we made were to eliminate the uncertainty
and instability of the features as much as possible, such as using the
nested cross-validation instead of separating another validation set for
the limited data, image preprocessing and building segmentation stan-
dard for extracting lung lesion features on images. In order to utilize for
clinical care widely, our future studies should focus on further standar-
dization of image acquisition, reconstruction setting, segmentation
methods and radiomics analysis [41,42]. And data balance in different
pathology of lung lesion need be further considered [43,44].

5. Conclusion

The diagnostic performances of CT-radiomics features, PET meta-
bolic parameters and combination models developed and analyzed
based on 18 F-FDG PET/CT images were greatly satisfactory. Use of the
SurfaceVolumeRatio from the CT-radiomics features and SUVpeak from
the PET metabolic parameters have substantial capacity for differ-
entiation between benign and malignant lung lesions. Moreover,
SurfaceVolumeRatio has distinctive characterization to differentiate
granulomatous lesion from inflammatory pseudotumor.
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