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ABSTRACT

Lung adenocarcinoma (ADC) is the most common non-small cell lung cancer. Surgical resection is the primary
treatment for early-stage lung ADC while lung-sparing surgery is an alternative for non-aggressive cases. Iden-
tifying histopathologic subtypes before surgery helps determine the optimal surgical approach. Predominantly
solid or micropapillary (MIP) subtypes are aggressive and associated with a higher likelihood of recurrence and
metastasis and lower survival rates. This study aims to non-invasively identify these aggressive subtypes using
preoperative 8F-FDG PET/CT and diagnostic CT radiomics analysis. We retrospectively studied 119 patients
with stage I lung ADC and tumors < 2 cm, where 23 had aggressive subtypes (18 solid and 5 MIPs). Out of 214
radiomic features from the PET/CT and CT scans and 14 clinical parameters, 78 significant features (3 CT and 75
PET features) were identified through univariate analysis and hierarchical clustering with minimized feature
collinearity. A combination of Support Vector Machine classifier and Least Absolute Shrinkage and Selection
Operator built predictive models. Ten iterations of 10-fold cross-validation (10 x10-fold CV) evaluated the
model. A pair of texture feature (PET GLCM Correlation) and shape feature (CT Sphericity) emerged as the best
predictor. The radiomics model significantly outperformed the conventional predictor SUV,x (accuracy: 83.5%
vs. 74.7%, p = 9e-9) and identified aggressive subtypes by evaluating FDG uptake in the tumor and tumor shape.
It also demonstrated a high negative predictive value of 95.6% compared to SUVpax (88.2%, p = 2e-10). The
proposed radiomics approach could reduce unnecessary extensive surgeries for non-aggressive subtype patients,
improving surgical decision-making for early-stage lung ADC patients.

1. Introduction

high-grade components [14,15].
Surgical resection is the gold standard of treatment for early-stage

Lung adenocarcinoma (ADC) is the most common histologic type of
non-small cell lung cancer (NSCLC). Invasive ADC can be classified into
five histopathologic subtypes based on their dominant growth patterns:
lepidic, acinar, papillary, micropapillary (MIP), and solid [1], and Pre-
dominantly solid or MIP subtypes are aggressive with poorer prognosis,
higher recurrence rate, vascular invasion, pleural invasion, lymph node,
and distant metastasis [2-13]. The 2021 WHO Classification of Lung
Tumors includes a new International Association for the Study of Lung
Cancer (IASLC) grading system for invasive lung ADC based on the
predominant histologic pattern of the tumor and the presence of

NSCLC, with lobectomy being the standard mode of surgery since
1960 [16,17]. Advances in imaging and staging have allowed the
detection of smaller tumors earlier, and rekindled interest in sublobar
resection such as segmentectomy or wedge resection [18]. In two Phase
III trials in patients clinically staged as TINO (tumor size < 2 cm and
pathologically confirmed node-negative), sublobar resection was found
to be superior or not inferior to lobectomy with respect to disease-free
and overall survival, though a two-fold increase in local relapses was
reported in one trial [18,19]. Until now, there is no consensus on the
appropriate indication for sublobar resection versus lobectomy in
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small-sized lung tumors [20-22]. Considering the worse prognosis of
solid and MIP subtypes, lobectomy may be a more suitable option for
patients with these aggressive subtypes [9,23].

Preoperative identification of aggressive subtypes could aid surgeons
in selecting the optimal surgical procedures. Core biopsy has been used
for identifying the dominant ADC subtype, which can be a prognostic
factor for treatment response to stereotactic body radiation therapy [7].
However, core biopsy is an invasive procedure and can produce incon-
sistent results due to sampling errors [24].

Radiomic features extracted from medical images have shown
promise in lung tissue classification, oncogenetics correlation, treatment
response, and disease prognosis of lung cancer [25]. Using radiomic
features from CT and PET/CT may provide a non-invasive preoperative
method to identify those ADC subtypes with worse prognosis. CT
radiomics can quantify the size, shape, margin, and internal density of
tumors as imaging biomarkers of lung ADCs.

She et al. successfully differentiated indolent forms of adenocarci-
noma from more invasive types, offering a potential tool for tailored
interventions [26]. Fan et al. developed a radiomics signature to discern
between invasive and non-invasive lesions, promising improved pre-
operative discrimination [27]. Park et al. leveraged a CT-based radiomic
model to classify prognostic subtypes, showcasing its potential in
refining adenocarcinoma classification. [28] Yang et al. recently intro-
duced a CT-based nomogram for preoperative prediction of novel IASLC
grading, demonstrating its utility in identifying high-grade ADCs and
guiding treatment strategies [29]. These studies collectively highlight
the significant role of radiomics in refining the assessment and man-
agement of lung ADCs.

Several studies have used CT features of ground-glass nodules
(GGNs) to differentiate invasive ADC from pre-invasive lesions. For
example, Lee et al. retrospectively investigated CT features for differ-
entiating between invasive ADC and pre-invasive lesions appearing as
GGNs. In pure GGNSs, less than 10 mm lesion was a highly specific
discriminator (sensitivity: 53.33%, specificity: 100%) [30]. In part-solid
GGNs, pre-invasive lesions such as atypical adenomatous hyperplasia
and adenocarcinoma in situ (AIS) were accurately identified (area under
the curve [AUC]: 0.91) using the smaller lesion size, smaller solid pro-
portion, non-lobulated border, and non-spiculated margin [30]. Son
et al. claimed that quantitative analysis of preoperative CT imaging
metrics could help distinguish invasive ADC from AIS or minimally
invasive adenocarcinoma (AUC: 0.78) [31]. Chae et al. performed
texture analysis to differentiate pre-invasive lesions from invasive ADC
that manifest as part-solid GGNs. Higher kurtosis and smaller mass
(adjusted odds ratios: 3.319 and 0.092, respectively) were significant
predictors of pre-invasive lesions [32]. Furthermore, Song et al. pre-
dicted cases with MIP components greater than 5% of the entire tumor
using tumor grade, sphericity, and entropy of co-occurrence matrix with
an AUC of 0.61 [33].

PET/CT radiomics has emerged as a powerful tool in lung cancer
research and management. The potential of quantitative image analysis
for various aspects of lung cancer care has been explored, including
computer-assisted diagnosis, survival prediction, and treatment
response assessment. In particular, accurate identification of histologic
subtype plays a pivotal role in shaping patient outcomes and guiding
therapeutic decisions [34]. Ensuring the reproducibility and robustness
of radiomics-derived features presents a critical challenge [35,36].
Variations from image acquisition, preprocessing, and tissue heteroge-
neity can introduce uncertainties. Standardized approaches in feature
extraction and preprocessing are crucial for reliable radiomic analyses.
Metrics like the Intraclass Correlation Coefficient (ICC), Overall
Concordance Correlation Coefficient (OCCC), and Coefficient of Varia-
tions (COV) assess feature variability and robustness.

Studies have investigated lung adenocarcinoma growth patterns
using radiomics. Shao et al. applied an ' F-FDG PET/CT-based radiomics
model to detect early invasive adenocarcinoma patterns. They analyzed
93 GGNs (lepidic, N = 18 and acinar-papillary, N = 75). Using selected
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radiomic features from both PET and CT scans, a rad-score was calcu-
lated, resulting in an AUC of 0.790, which is comparable to the AUC of
0.675 for the CT attenuation value of the ground-glass opacity compo-
nent (CTGGO). The incorporation of rad-score with edge information in
a joint model resulted in a minor improvement in AUC to 0.804. Their
model combining CT parameters and PET/CT radiomics showed prom-
ise in predicting risk patterns and improving risk stratification and
treatment planning [37]. Xiong et al. focused on identifying adenocar-
cinomas with lepidic growth in pure GGNs (>10 mm). By integrating
clinical data, CT parameters, and radiomics, they improved identifica-
tion. The radiomics-only and combined models outperformed the
baseline model’s AUC of 0.762 and the radiologist’s highest AUC of 0.6,
achieving test AUCs of 0.804 and 0.820, respectively [38].

This study aimed to identify early-stage lung ADC with aggressive
subtypes, specifically predominant solid or MIP components, using
preoperative '8F-FDG PET/CT and CT radiomics analysis. To our
knowledge, this is a pioneer radiomics study that combines the PET/CT
and CT to address this important clinical question.

2. Materials and methods

Institutional Review Board approval was obtained for this retro-
spective study. Consecutive patients with preoperative CT and 18p_FDG
PET/CT between 2008 and 2011 were reviewed from the institution’s
database. Only patients with lung adenocarcinoma < 2 cm on CT were
included. Preoperative clinical risk factors including age, sex, smoking
history, family history of lung cancer, prior malignancy history, and
chronic obstructive pulmonary disease (COPD)/Emphysema were
recorded. Histopathology subtyping of tumors was performed by expe-
rienced pathologists using hematoxylin and eosin-stained specimens
according to the 2011 classification proposed by the IASLC, the Amer-
ican Thoracic Society (ATS), and the European Respiratory Society
(ERS) [1]. The presence of lepidic, papillary, acinar, MIP, and solid
components was documented in 5% increments, and the dominant
subtype was defined as the morphologic component with the highest
proportion. Tumors with MIP or solid pattern as the dominant compo-
nent were labeled as aggressive subtypes. Table 1 provides a summary of
patient characteristics. One patient was excluded from the analysis due
to missing weight information needed to calculate standardized uptake
values (SUV).

Helical CT images were obtained using a GE LightSpeed16 CT
scanner (GE Healthcare, Chicago, IL) with the following parameters:
tube voltage of 120kVp, current of 120-380 mA, and pitch of
0.984-1.750. The images were reconstructed to a 512 x 512 matrix with
a slice thickness of 5 mm and pixel size ranging from 0.762 to 0.838 mm.

Table 1
Patient Characteristics.

Characteristic Cohort (N = 120)

Age (years)

Mean 67.0
Range 40-90
Sex, N (%)
Male 46 (38.3%)
Female 74 (61.7%)
Histopathological subtype, N (%)
Lepidic 37 (30.8%)
Acinar 47 (39.2%)
Papillary 12 (10.0%)
MIP 5 (4.2%)
Solid 19 (15.8%)

Aggressive subtypes (Solid+MIP)
Clinical risk factors

Smoking

Family history of lung cancer

Prior history of lung cancer

Prior malignancy other than lung cancer

COPD/Emphysema

24 (20.0%)

100 (83.3%)
32 (26.7%)
23 (19.2%)
67 (55.8%)
14 (11.7%)
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A physician visually reviewed the CT images for radiologic signs that
may contribute to the prediction model, including tumor location
(upper/middle lobe vs. lower lobe), pleural traction sign, tumor opacity
(solid, part-solid, or ground-glass opacity), and speculated tumor
margin. All PET/CT images were acquired using routine clinical proto-
col. Before the injection of FDG, the blood glucose of each patient was
below 200 mg/dL after a 6-hour fasting period. All patients were scan-
ned on a GE Discovery LS PET/CT system (GE Healthcare, Chicago, IL)
60 min after injection of 400-555 MBq FDG. PET images were recon-
structed using the OSEM method to a 128 x 128 matrix with a slice
thickness of 4.25 mm and pixel size of 3.9 mm. A low-dose CT scan
(120-140 kV, 80 mA) was obtained and used for attenuation correction
of the PET image data.

2.1. Tumor segmentation

Tumor segmentation was performed on both CT and PET/CT images.
For CT, a nuclear medicine physician manually contoured the tumor on
axial images. For PET/CT, a background subtracted lesion (BSL) seg-
mentation method was used [39] (Fig. 1). This method estimates the
background FDG uptake by fitting a Gaussian curve to the histogram
from the area surrounding the tumor, and the tumor border is deter-
mined by thresholding at two standard deviations above the mean of
background activity. The BSL method is suitable for small lesions and is
relatively resistant to lung motion during PET acquisition [40]. The
nuclear medicine physician (CL) reviewed the BSL segmentation results
and occasionally made manual modifications for lesions with low FDG
uptake. In some low FDG-avidity cases, the PET/CT segmentation may
mistakenly connect to adjacent background activity such as medias-
tinum or liver, and the volume of interest used to initiate the BSL al-
gorithm had to be repeatedly selected until the resultant segmentation
closely matched the corresponding nodules on diagnostic CT. The seg-
mentation was performed without knowledge of each case’s clinical
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details and exact pathological subtypes.

2.2. Radiomic feature extraction

A total of 214 radiomic features were extracted from both diagnostic
CT and '®F-FDG-PET/CT images using PyRadiomics [41], with 107
features per scan. Furthermore, we utilized PyRadiomics [41] to extract
filter-based features (Laplacian of Gaussian, Wavelet, Square, Square
Root, Logarithm, Exponential, Gradient, Local Binary Pattern 2D and
3D), resulting in 1302 features for each scan and 2604 in total, leading to
a grand total of 2818 features. Additionally, we extracted a set of 206
radiomic features from the same images with in-house software using
the Insight Segmentation and Registration Toolkit (ITK) [42,43]. To
correct for the partial volume effects (PVE) of the tumor in PET, the
recovery coefficient method was used before calculating the maximum
standardized uptake value (SUVy,,x) and radiomic features [44].

The PyRadiomics features comprise First Order Statistics, Shape-
based 2D and 3D, Gray Level Co-occurrence Matrix (GLCM) [45],
Gray Level Run Length Matrix (GLRLM) [46,47], Gray Level Size Zone
Matrix (GLSZM) [48], Neighboring Gray Tone Difference Matrix
(NGTDM) [49], and Gray Level Dependence Matrix (GLDM) [50]. These
features characterized the intensity, shape, and texture of the tumor.
First order statistics features quantified the level of intensity and dis-
tribution of voxel-wise CT attenuations or SUV of the PET/CT in a tumor.
Shape features described geometric characteristics such as volume,
diameter, elongation, and flatness of a tumor. Texture features quanti-
fied the spatial patterns of tissue density in CT or SUV in the PET/CT,
such as homogeneity, coarseness, and correlation of intensity in a tumor,
using GLCM, GLRLM, GLSZM, NGTDM, GLDM. The in-house radiomics
quantified both diagnostic CT and PET/CT image intensities with
normalization into 32 levels for contrast stretching due to the wide
dynamic range of CT attenuation and continuous values of FDG uptake
when constructing the GLCM and GLRM. The length of runs was

PET/CT

PET/CT

Fig. 1. Examples of the segmentation of aggressive types (solid and MIP) and other types (papillary, acinar, and lepidic) of invasive lung ADC on diagnostic CT and
18E_FDG PET/CT. Red: the manual segmentation on diagnostic CT and Green: the automatic contour using background subtracted lesion (BSL) segmentation on

FDG PET.

5603



W. Choi et al.

normalized by the diagonal length of the tumor’s bounding box to make
the GLRM scale-invariant. Finally, the average value of each texture
feature was computed over all 13 spatial directions to obtain rotation-
ally invariant features.

2.3. Prediction model

The prediction model integrated radiomic features and clinical pa-
rameters to identify tumors with aggressive subtypes. Three pre-
processing steps were taken before constructing the prediction model to
eliminate unnecessary features. Initially, we excluded unreliable radio-
mic features by employing intra-class correlation (ICC) to remove non-
robust features. For this purpose, we applied supervoxel-based contour
perturbation to each contour ten times. Subsequently, we calculated
ICC1k (average absolute raters) and ICC2k (average random raters) and
removed unreliable features by thresholding (ICC1k or ICC2k < 0.9).

Next, univariate analysis was applied to each radiomic feature, using
the AUC of ROC and p-value computed by Wilcoxon rank-sum test. False
discovery rate (FDR) correction was applied due to the multiple com-
parisons problem (g-value). The significant levels for both p-value and q-
value are < 0.05.

Finally, distinctive radiomic features were identified using the
Ward’s hierarchical clustering method [51]. The hierarchical feature
cluster tree was divided into several prominent clusters (feature groups)
by cutting at a threshold of the Spearman correlation coefficient p > 0.7.
Distinctive features were selected as representative features with the
smallest within-cluster correlation or as independent of all other fea-
tures. Redundant features were removed from subsequent analysis.

The distinctive features chosen during the preprocessing were used
to train a support vector machine (SVM) classifier using a 10-fold cross-
validation (CV). Within each fold of the model building process, least
absolute shrinkage and selection operator (LASSO) was used to rank and
select important features using a nest 10-fold CV (inner-loop). An SVM
classifier was then built to predict aggressive subtypes using a radial
basis kernel function. The hyperparameters were optimized by using a
grid search algorithm within combinations of y = {0.0001, 0.001, 0.01,
0.1, 1, 10} and C= {0.001, 0.01, 0.1, 1, 10, 100, 1000}. The outer loop
was repeated ten times to obtain the model accuracy (10 x10-fold CV).
The 10 x 10 CV evaluated 100 models with different shuffled training
and test datasets.

In each repetition, the patients were randomly divided into ten folds.
One fold was selected as the test set, while the remaining nine folds were
allocated to the training set. This process was repeated ten times by
shuffling the entire dataset. To mitigate the effects of imbalanced data,
we employed randomized oversampling to balance the training sets in
the 10 x 10-fold CV.

During the SVM classifier training, we utilized the forward sequen-
tial feature selection (forward-SFS) method to choose ten different
models that have from one optimal feature to ten optimal features. This
method was based on the top ten most important features. These fea-
tures were selected and ranked using the LASSO selection. The forward-
SFS algorithm is a greedy method that iteratively identifies and adds the
best new feature to a selected feature set. The procedure starts with no
features and determines the most significant feature that maximizes the
internal validation score when an estimator is trained on the single
feature. After selecting the first feature, the process repeats by adding a
new feature to the selected features. This process continues until ten
features are included in the model. We also retain the optimal model at
each number of features to compare model performance based on the
number of features. When we add a new feature from the unselected
feature list, we prioritize its importance according to the LASSO feature
ranking. Finally, we chose models with ten different numbers of
features.
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3. Results

Among the 119 evaluable patients, 23 had aggressive subtypes (18
solid and 5 MIP). Table 2 shows the comparison of SUV ., tumor size,
and visual radiologic characteristics between aggressive and non-
aggressive subtypes. There was no statistically significant difference
between the two groups except for SUVpax, which had an AUC of 0.72 (q
= 0.018). The mean SUV,x was higher for aggressive subtypes (8.1
+ 5.2) than non-aggressive subtypes (4.2 £+ 2.8).

Univariate analysis revealed that 78 features were statistically sig-
nificant predictors of outcome, including 3 CT features and 75 PET
features. Table 3 shows the top 10 features were all derived from PET
scans, comprising 6 texture features and 4 shape features. PET shape
features provide a coarse shape analysis compared to CT shape features,
due to the larger PET voxel size (4 mm). PET texture features analyze the
patterns of FDG uptake in the PET scans. Specifically, GLCM Correlation
measures linear dependencies between intensity levels. GLCM Cluster
Shade quantifies skewness in the intensity distribution. Least Axis
Length determines the smallest tumor diameter in 3D. GLDM Depen-
dence Entropy evaluates randomness between neighboring voxels.
GLRLM Run Length Non-Uniformity assesses variability in homoge-
neous tumor regions. Mesh Volume estimates the 3D surface that en-
velops the tumor. Voxel Volume sums the volume of significant voxels.
Surface Area computes the 3D boundary area. GLSZM Small Area Low
Gray Level Emphasis identifies small regions with low intensity. GLSZM
Gray Level Non-Uniformity Normalized examines variations in intensity
across tumor zones.

In multivariate analysis, the best SVM-LASSO model consisted of a
pair of texture feature and shape feature: PET GLCM Correlation and CT
Sphericity. PET GLCM Correlation is a measure of linear dependency of
intensity levels, and it is high when high intensity levels are well
distributed in a small region like a focal uptake in FDG PET. CT Sphe-
ricity quantifies the roundness of a shape in 3D CT by calculating how
closely it approximates a sphere. The PET GLCM Correlation was
significantly higher for aggressive subtypes (0.37 + 0.3) than non-
aggressive subtypes (0.11 & 0.23), and CT Sphericity was higher for
aggressive subtypes (0.69 + 0.06) than non-aggressive subtypes (0.65
+ 0.08) as shown in Fig. 2. Table 4 shows the comparison of prediction
accuracy using tumor size, SUVp,ay, and the SVM-LASSO model with
three different feature sets (PyRadiomics — original image, PyRadiomics
- including filtered images, and in-house radiomics tool). The SVM al-
gorithm was used to create models based on tumor size and SUVjx
without feature selection using LASSO. These models were subsequently
compared to SVM-LASSO radiomics models for their predictive accu-
racy. We accomplished this by implementing 10 x 10-fold CV and
hyperparameter optimization, with subsequent analysis conducted
using the finalized model. The SVM-LASSO model with PyRadiomics
features from original images had a sensitivity, specificity, positive
predictive value (PPV), negative predictive value (NPV), and accuracy

Table 2

SUVnax and visual radiological predictors for predicting of aggressive lung ADC
subtypes. Partial volume effect (PVE) was corrected using the recovery coeffi-
cient method.

Predictor AUC q-value p
SUVmax 0.72 0.018 0.41
Tumor size 0.54 0.75 0.16
Location (upper 1/lower 0) 0.58 0.35 -0.13
Part-Solid 0.53 0.83 0.05
Spiculation 0.50 1.00 0.0007
Pleural 0.46 0.68 -0.07

AUC: area under the receiver operating characteristic curve, a plot of sensitivity
and false positive rate (1 - specificity), q-value: False discovery rate adjusted
Wilcoxon signed rank test p-value, p: Spearman correlation between the pre-
dictor and aggressive subtype.
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Table 3
Top 10 important radiomics features obtained by univariate analysis for
aggressive lung ADC.

Type Features Categories ~ AUC q- P
value

1 PET GLCM Correlation Texture 0.79 0.0017 0.39

2 PET GLCM Cluster Shade Texture 0.78 0.0026  0.38

3 PET Least Axis Length Shape 0.77  0.0030  0.42

4 PET GLDM Dependence Texture 0.76  0.0036 0.35
Entropy

5 PET GLRLM Run Length Non Texture 0.75 0.0043 0.41
Uniformity

6 PET Mesh Volume Shape 0.75 0.0046 0.43

7 PET Voxel Volume Shape 0.75 0.0046 0.44

8 PET Surface Area Shape 0.75 0.0046  0.43

9 PET GLSZM Small Area Low Texture 0.75  0.0047  -0.27
Gray Level Emphasis

10  PET GLSZM Gray Level Non Texture 0.75 0.0047 -0.27

Uniformity Normalized

AUC: area under the receiver operating characteristic curve, a plot of sensitivity
and false positive rate (1 - specificity), q-value: False discovery rate adjusted
Wilcoxon signed rank test p-value, p: Spearman correlation between the pre-
dictor and aggressive subtype.

with the 10 x 10-fold CV of 84.1%, 83.3%, 55.0%, 95.6%, and 83.5%,
respectively. All were significantly higher than those of SUVy,« (55.7%,
79.3%, 39.2%, 88.2%, and 74.7%, respectively) or tumor size (40.4%,
56.3%, 18.3, 79.6%, and 53.2%, respectively). Adding more than two
features to the models decreased their accuracy. SVM-LASSO using the
other feature sets (PyRadiomics features including filtered images and
our in-house radiomics tool) showed lower performance than the best
model, but still significantly higher than SUVy,«. Statistical tests were
utilized to evaluate diagnostic test performance. The McNemar test, for
paired nominal data, was utilized to analyze sensitivity, specificity, and
accuracy, providing insights into the marginal homogeneity of two
dichotomous variables. [52]. In addition, the Moskowitz and Pepe test
was employed to compare PPV and NPV, giving a comprehensive eval-
uation of the predictive power of the diagnostic tests [53]. Differential
AUCs were assessed using DeLong’s ROCs test, which demonstrated the
discriminatory capabilities of the analyzed techniques [54].

Table 5 illustrates that the best SVM-LASSO model for predicting the
solid subtype had an accuracy of 80.6 + 1.5%, sensitivity of 82.7
+ 6.4%, and specificity of 80.3 £+ 2.0% using the same features (PET
GLCM Correlation and CT Sphericity). However, the identification of the
MIP subtype using radiomics was challenging, with a much lower PPV of
42.0 + 2.5% and a large variation in sensitivity of 86.0 + 16.5%.
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4. Discussion

The appropriate selection of lobectomy vs. sublobar resection for
early lung ADC remains an area of debate [55]. Sublobar resections
preserve more lung reserve, while lobectomy provides better paren-
chymal margins and lymphatic clearance. Sublobar resection is
reasonable for tumors < 2 cm. However, higher rates of lymph node
metastases have been noticed in tumors with solid or MIP subtypes, even
when the tumor sizes are small [56-58]. Thus, lobectomy is more
favored for tumors with solid or MIP subtypes [58]. The dilemma of
resection methods for small lung tumors highlights the importance of
histopathological subtyping of lung ADC before surgical resection.

There are few studies that predict lung ADC subtypes before tumor
resection. The SUV 5« of PET has been shown to have a close association
with lung ADC subtypes and grading. MIP and solid subtypes tend to
have higher SUVy,,x than the other subtypes [59-62]. However, the
discriminative power of SUV,, is inevitably limited by the partial
volume effect for small tumors [44], and as a single-point estimate,
SUVpax fails to characterize intratumoral heterogeneity [63-65].
Despite the important role of PET in the diagnosis and staging of lung
ADC, it has been reported that false negative results are common in
tumors < 2 cm [66]. The tumor-size-dependent sensitivity of PET may
explain the improved but still low sensitivity and PPV of our models. Our
radiomics model achieved high specificity, high NPV, and good accuracy
in predicting aggressive subtypes of lung ADC. Compared with the
SUVpax based SVM model, the SVM-LASSO model using PET GLCM
Correlation and CT Sphericity significantly improved accuracy
(Table 4).

The accuracy of our model relied heavily on its ability to identify the
solid subtype, rather than the MIP subtype because the number of the
MIP subtype cases is much smaller. The compact sheets of malignant
cells and lack of alveolar space in the solid subtype make its spatial
structure distinct from the other four subtypes. Univariate analysis
revealed that 99 radiomic features were significant in predicting the
solid subtype (7 CT, 92 PET, and none of the clinical parameters, with an
AUC of 0.68-0.83), but no feature was significant in predicting the MIP
subtype although the AUC for the best 10 features of the MIP subtype
(0.86-0.90) is higher than that of the solid subtype.

Meanwhile, SVM-LASSO identified three features (2nd Cancer, PET
GLCM Correlation, and PET GLSZM Small Area Low Gray Level
Emphasis) that can accurately predict MIP dominant subtypes with a
high accuracy of 87.2% as shown in Table 5. The limited number of MIP
cases and their low representation in the training set, compounded by
the intratumoral heterogeneity of growth patterns, posed challenges in
accurately capturing MIP subregions during model building. Conse-
quently, sensitivity exhibited significant variability and PPV demon-
strated lower performance. Additionally, the fine structural distinctions

0.8

e
~

CT Sphericity
°
L

0.5-

Aggressive Non-Aggressive

Fig. 2. The box plots depicting SUV,.x (q=0.018), PET GLCM Correlation (q=0.0017) and CT Shape Sphericity (q=0.18) demonstrate significant differences be-
tween aggressive and non-aggressive subtypes. The median is indicated by the central mark.
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Table 4
Accuracy of the Tumor Size, SUV ., and SVM-LASSO models with different feature
10 x 10-fold cross-validation.

Computational and Structural Biotechnology Journal 21 (2023) 5601-5608

sets to predict aggressive lung ADC. All the metrics were obtained through the

Sensitivity Specificity PPV NPV Accuracy AUC
a. Conventional 40.4 + 5.5% 56.3 £+ 2.0% 18.3 + 2.6% 79.6 £ 1.4% 53.2 +£1.9% 0.60 + 0.05
Tumor Size
b. Conventional 55.7 + 1.8% 79.3 +1.1% 39.2+2.0%  88.2+ 0.6% 74.7 + 1.2% 0.64 + 0.01
SUVmax
c. SVM-LASSO 84.1 +5.9%  83.3+23% 55.+ 1.6% 95.6 + 3.7%  83.5 + 2.2% 0.84 + 0.03
PyRadiomics
original only
p-value b vs. ¢ 5e-10 0.04 3e-8 2e-10 9e-9 0.001
d. SVM-LASSO 63.0 + 6.5% 85.0 + 2.2% 50.3+5.1%  90.6 + 1.6% 80.8 + 2.6% 0.79 + 0.02
PyRadiomics
with filters
p-value bvs. d 0.02 0.003 2e-4 0.02 2e-4 0.04
e. SVM-LASSO 67.4 + 3.1% 86.0 +1.1% 53.7+21% 91.7 +1.0% 82.4 +1.0% 0.78 + 0.01
in-house radiomics
p-value b vs. e 6e-6 6e-5 2e-8 7e-8 le-8 0.01
Selected Features of the SVM-LASSO model N
c. PET GLCM Correlation, CT Shape Sphericity 2
d. CT Logarithm GLDM Large Dependence High Gray Level Emphasis, PET LBP2D Firstorder Total Energy, PET Wavelet LHL GLCM Cluster 5
Shade, PET Logarithm GLCM Contrast, CT Wavelet LLH Firstorder Maximum
e. PET Mean of Cluster Shade 1

PPV: positive predictive value, NPV: negative predictive value, AUC: area under the receiver operating characteristic curve, a plot of sensitivity and false positive rate
(1 - specificity), p-value: McNemar test for sensitivity, specificity, and accuracy comparison, Moskowitz and Pepe test for PPV and NPV comparison, DeLong’s ROCs

test for AUC comparison, N: the number of the selected features.

Table 5
Accuracy of the SVM-LASSO models for the prediction of solid and MIP dominant lung ADC respectively, and selected features.
Subtype Sensitivity Specificity PPV NPV Accuracy AUC
Solid 82.7 £+ 6.4% 80.3 £+ 2.0% 42.0 + 2.5% 96.4 £ 1.3% 80.6 £ 1.5% 0.82 £ 0.03
(N=18) PET GLCM Correlation, CT Shape Sphericity
MIP 86.0 + 16.5% 87.2+21% 23.2 +4.1% 99.2 + 0.9% 87.2 £ 2.3% 0.87 £ 0.09
(N=5) 2nd Cancer, PET GLCM Correlation, PET GLSZM Small Area Low Gray Level Emphasis

PPV: positive predictive value, NPV: negative predictive value, AUC: area under the receiver operating characteristic curve, a plot of sensitivity and false positive rate

(1 - specificity)

between MIP tufts and papillary fibrovascular cores, discernible under
high-power filed microscope with a 0.2 pm resolution, are beyond the
capability of texture features derived from PET/CT, which operates at a
much coarser resolution (3-5 mm). Further dedicated research on MIP is
imperative to enhance outcomes for patients with MIP-dominant ADC
and address its poor prognosis.

CT has traditionally been the primary diagnostic tool for lung cancer,
as small lung ADCs can exhibit diverse sizes, shapes, margins, and in-
ternal densities (non-solid, part-solid to mostly solid) [67]. Although CT
texture analysis has been used for prognostic stratification by identifying
invasive lung ADC among GGNs [30,31] or among part-solid nodules
[32], our study found that none of the CT features were as effective as
PET features in predicting solid and MIP subtypes in the univariate
analysis. However, CT Sphericity was selected as the second feature
along with PET GLCM Correlation in SVM-LASSO model to complement
PET texture feature.

Currently, lung ADC subtyping using preoperative core biopsy sam-
pling or intraoperative frozen section is not routinely performed due to
increased cost and invasiveness, which can result in sampling errors [68,
69]. In contrast, imaging phenotype analysis as a biomarker for lung
ADC histology has the advantages of being non-invasive and
cost-effective. Our study used preoperative imaging modalities to build
the prediction model, enabling the evaluation of the entire tumor to
avoid sampling errors. Previous studies have also used imaging features
to predict aggressive subtypes of ADC, with Song et al. describing the CT
characteristics of MIP as more homogenous and less spherical periphery
than solid [33], and Yang et al. demonstrating high accuracy of CT
radiomics in predicting solid and MIP subtypes with sensitivity, speci-
ficity, and accuracy of 83.3%, 98.7%, and 91.6%, respectively [70].
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However, Yang’s model only analyzed tumors with a high percentage
(>70%) of dominant histopathological subtype, and their results may
not be applicable to tumors with < 70% of dominant histopathological
subtype.

The large difference between the resolutions of PET/CT images
(3-5mm) and light microscope (0.2 um) may have compromised the
accuracy of prediction models. The interspersed distribution of aggres-
sive subtypes in the tumor also limit the sensitivity of the model, as well
as other conventional indicators such as solid component on CT, SUVyx
of PET, and preoperative core biopsy. Due to the unsatisfactory PPV of
55.0%, the model cannot aid surgeons in selecting lobectomy for a pa-
tient who is predicted as aggressive subtype. However, with a high NPV
of 95.67%, the model may aid surgeons in selecting sublobar resection
for a patient who is predicted as non-aggressive subtype.

The study was limited by the modest patient cohort and retrospective
nature. Manual segmentation of tumors on CT can suffer significant
inter- and intra-observer variability. Although automatic segmentation
algorithms may be technically difficult due to the indistinct and fuzzy
borders of these small tumors, they may be worth exploring in future
studies. Another limitation is that all patients were recruited from one
cancer institute, resulting in a higher prevalence of patients with prior
lung cancer, malignancy, or family history of lung cancer than the
general population. The variance or inconsistency between different
institutes should be validated in a multi-institute study.

5. Conclusion

In conclusion, we developed a radiomics model to predict aggressive
subtypes of lung ADC using preoperative '®F-FDG PET/CT and



W. Choi et al.

diagnostic CT. The model achieved an accuracy of 83.5% with good
sensitivity of 84.1%, high specificity of 83.3%, and high NPV of 95.6%.
The proposed radiomics approach with high NPV can help surgeons
improve surgical decision-making in patients with early lung ADC to
avoid unnecessary extensive surgery such as lobectomy in patients with
non-aggressive subtypes suitable for sublobar resection.
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