PLOS ONE

Check for
updates

G OPEN ACCESS

Citation: Bove S, Fanizzi A, Fadda F, Comes MC,
Catino A, Cirillo A, et al. (2023) A CT-based transfer
learning approach to predict NSCLC recurrence:
The added-value of peritumoral region. PLoS ONE
18(5): €0285188. https://doi.org/10.1371/journal.
pone.0285188

Editor: Yangming Ou, Harvard Medical School,
UNITED STATES

Received: January 16, 2023
Accepted: April 17,2023
Published: May 2, 2023

Copyright: © 2023 Bove et al. This is an open
access article distributed under the terms of the
Creative Commons Attribution License, which
permits unrestricted use, distribution, and
reproduction in any medium, provided the original
author and source are credited.

Data Availability Statement: The data was
obtained from the open-access NSCLC-
Radiogenomics dataset publicly available at The
Cancer Imaging Archive (TCIA) database (https:/
wiki.cancerimagingarchive.net/display/Public/
NSCLC+Radiogenomics). Because of ethical
reasons, the author-generated code is available
upon request. The code request may be sent to the
scientific direction (e-mail:
dirscientifica@oncologico.bari.it).

RESEARCH ARTICLE

A CT-based transfer learning approach to
predict NSCLC recurrence: The added-value of
peritumoral region

Samantha Bove®, Annarita Fanizzi®, Federico Fadda *, Maria Colomba Comes® *,
Annamaria Catino, Angelo Cirillo, Cristian Cristofaro, Michele Montrone,

Annalisa Nardone, Pamela Pizzutilo, Antonio Tufaro, Domenico Galetta,

Raffaella Massafra

I.R.C.C.S. Istituto Tumori “Giovanni Paolo II”, Bari, Italy

® These authors contributed equally to this work.
* fede.fadda1110@ gmail.com (FF); m.c.comes @oncologico.bari.it (MCC)

Abstract

Non-small cell lung cancer (NSCLC) represents 85% of all new lung cancer diagnoses and
presents a high recurrence rate after surgery. Thus, an accurate prediction of recurrence
risk in NSCLC patients at diagnosis could be essential to designate risk patients to more
aggressive medical treatments. In this manuscript, we apply a transfer learning approach to
predict recurrence in NSCLC patients, exploiting only data acquired during its screening
phase. Particularly, we used a public radiogenomic dataset of NSCLC patients having a pri-
mary tumor CT image and clinical information. Starting from the CT slice containing the
tumor with maximum area, we considered three different dilatation sizes to identify three
Regions of Interest (ROls): CROP (without dilation), CROP 10 and CROP 20. Then, from
each ROI, we extracted radiomic features by means of different pre-trained CNNs. The lat-
ter have been combined with clinical information; thus, we trained a Support Vector Machine
classifier to predict the NSCLC recurrence. The classification performances of the devised
models were finally evaluated on both the hold-out training and hold-out test sets, in which
the original sample has been previously divided. The experimental results showed that the
model obtained analyzing CROP 20 images, which are the ROls containing more peritu-
moral area, achieved the best performances on both the hold-out training set, with an AUC
of 0.73, an Accuracy of 0.61, a Sensitivity of 0.63, and a Specificity of 0.60, and on the hold-
out test set, with an AUC value of 0.83, an Accuracy value of 0.79, a Sensitivity value of
0.80, and a Specificity value of 0.78. The proposed model represents a promising procedure
for early predicting recurrence risk in NSCLC patients.

Introduction

Lung cancer is one of the most aggressive cancer types with a 5-year relative survival rate of
only 19%. Non-small cell lung cancer (NSCLC) accounts for 85% of lung cancer cases and is
one of the most fatal cancers worldwide [1]. Treatment approaches for NSCLC patients differ
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depending on stage, histology, genetic alterations, and patient’s condition. Locally advanced
NSCLC patients are non-surgical candidates and currently treated with chemoradiotherapy
eventually followed by immunotherapy. On the other hand, for early stages of NSCLC, surgi-
cally resection and consequent adjuvant chemotherapy are recommended. Though surgically
resection remains the only potentially curative treatment for early-stage NSCLC, 30-55% of
these patients develop a post-resection tumor recurrence within the first 5 years. Several stud-
ies demonstrated patients’ outcome after surgically resection is often affected by an underesti-
mation of the tumor stage, due to the presence of occult micro-metastatic cancer cells
undetectable by standard staging methods, such as modern diagnostic imaging. Also, in some
cases, surgery itself could lead to the dissemination of cancer cells [2]. Thus, an early identifica-
tion of which patients are more prone to develop a NSCLC recurrence is crucial to define per-
sonalized treatment approaches and improving patients’ prognosis.

Actually, the application of artificial intelligence techniques could be fundamental in devel-
oping tools able to support clinicians in defining personalized therapeutic surveillance plans,
after identifying patients at high risk of relapse.

In the clinical pathway, biomedical imaging, such as magnetic resonance (MR), computed
tomography (CT), or positron emission tomography (PET), plays a pivotal role, offering sev-
eral non-invasive modalities for the high-resolution three-dimensional visualization and char-
acterization of the cancer lesion. Besides, the predictive and prognostic power of radiomic
signature extracted from biomedical images is now well established in the scientific commu-
nity [3-8]. So far, several radiomic-based models have been proposed for lung cancer setting
to solve different tasks [9-13]. While several works are focused on the prediction of histologi-
cal outcome, tumor staging, recurrence free survival and overall survival for NSCLC patients
[14-32], the state of the art is poor of models designed for early prediction of disease recur-
rence [33-41]. Additionally, even though all the proposed models show encouraging results,
they are not yet suitable for a clinical application, even when they involve genomic-based mod-
els that are expensive and time-consuming procedures [33]. Therefore, the early prediction of
recurrence in NSCLC patients is still an unmet clinical need with a strong translational
interest.

To this end, herein we propose a radiomic-based model for predicting the NSCLC recur-
rence exploiting features extracted from pre-treatment CT images throughout pre-trained
Convolutional Neural Networks (CNNs). Pre-trained CNNs refer to a transfer learning
approach which allows to extract radiomic features from images according to which the net-
works have previously learned during training on a very huge (millions) number of images of
different nature. Thus, the knowledge acquired from the network during this training phase,
such as dots and edges, as well as high-level features like shapes and objects from raw images,
has been then transferred and applied on CT images of our sample patients [10, 42-46]. For
our purpose, we used a public database contained both CT images and clinical data of NCSLC
patients, and we analyzed them conjointly to develop a suitable supervised machine learning
model [47]. Specifically, we compared the results obtained using multiple state-of-the-art pre-
trained CNN's for radiomic feature extraction, and we evaluated performances achieved exam-
ining different regions of interest (ROIs) at different dilatations, to investigate the predictive
power of the peritumoral region, namely, the tissue connecting the tumor and the normal
tissue.

This manuscript is organized as follows: in Section 2, Materials and Methods, we introduce
the used dataset, the feature extraction procedure by a transfer learning approach, and the
designed learning model; in Section 3-4, Results and Discussion, we present and discuss the
computed performances comparing our study with the state-of-the-art about NSCLC recur-
rence prediction.
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Materials and methods
Experimental dataset

In this work, we used a public radiogenomics dataset of NSCLC available in the Cancer Imag-
ing Archive (TCIA) [47]. Both imaging and clinical data have been de-identified by TCIA and
approved by the Institutional Review Board of the TCIA hosting institution. Ethical approval
was reviewed and approved by Washington University Institutional Review Board protocols.
Written informed consent was obtained from all individual participants involved.

The whole database consisted of 211 subjects divided in two cohorts:

1. the RO1 cohort comprising 162 patients (38 females and 124 males, age at scan: mean 68,
range: 42-86) from Stanford University School of Medicine (69) and Palo Alto Veterans
Affairs Healthcare System (93) recruited between April 7" 2008 and September 15, 2012;

2. the second AMC cohort consists of 49 additional subjects (33 females, 16 males, age at scan:
mean 67, range 24-80) was retrospectively collected from Stanford University School of
Medicine based on the same criteria.

Since only (1) the database 1 included the segmentations of the axial CT images, for this
preliminary study we focused on the cohort RO1. Besides, since the tumor segmentation masks
was not available for 18 patients belonged to the cohort R01, the final number of patients
involved in this study was equal to 144, of which 40 (27.78%) with a recurrence event within 8
years from the first tumor diagnosis. For each patient, a CT image in DICOM format, as well
as clinical data were provided. Concerning CT images, these were acquired by preoperative
CT scans with a thickness of 0.625-3 mm and an X-ray tube current at 124-699 mA at 80-140
KVp. Consequently, the related segmentations were defined on the axial CT image series by
thoracic radiologists with more than 5 years of experience and adjusted using ePAD software
[47].

For each patient, along with the CT image, the following clinical data were collected: age at
diagnosis, weight, gender (values: female, male), pack Years, histology (values: adenocarci-
noma, squamous cell carcinoma, not otherwise specified), pathological T stage (values: T1, T2,
T3, T4) [48], pathological N stage (values: N0, N1, N2) [48], histopathological grade (values:
G1, G2 and G3) [49], lymph-vascular invasion (values: absent, present, not collected) and pleu-
ral invasion (values: yes, no). An overview about the sample properties is provided by Table 1.

Feature extraction by transfer learning approach

For each patient, the first step consisted in automatically identifying, among all segmentation
masks, the mask with largest tumor area, that is, the segmentation mask characterized by the
greatest number of pixels having an intensity value equals to 255, i.e., white pixels. Segmenta-
tion masks, which were generated by authors of the public database, were obtained using an
unpublished automatic segmentation algorithm based on semantic annotations ascribed by an
expert radiologist, and then reviewed by two thoracic radiologists with more than 5 years of
experience which edited them as necessary [47].

After identifying the corresponding CT slice, we defined a bounding box around the extre-
mal points of the tumour in the four planar x-y dimensions. So, we cropped the correspondent
CT slide considering three different dilatation sizes: 0 (no dilatations), 10 and 20 additional
pixels along the four extremal points. In this way, for each patient, we identified the following
Regions of Interest (ROI)s: CROP (with no dilations), CROP 10 (obtained adding 10 pixels)
and CROP 20 (obtained adding 20 pixels). The whole ROI extraction procedure is depicted in
Fig 1.
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Table 1. Clinical features distribution over the study population.

Feature Distribution
Overall 144; 100%
Age at diagnosis

Median; [q;, q5] 69; [64, 76]

Weight (Ibs)

Median; [q;, q5]

173.5; [145.13, 198.90]

Nan (abs; %) 10; 6.94%
Gender

Female (abs; %) 36; 25%
Male (abs; %) 108; 75%
Pack Years

Median; [q;, q3] 40; [20, 54]
Nan (abs; %) 27;18.75%
Histology

Adenocarcinoma (abs; %) 112;77.77%
Squamous cell carcinoma (abs; %) 29;20.14%
Not otherwise specified (abs; %) 3;2.08%
Pathological T stage

T1 (abs; %) 74; 51.39%
T2 (abs; %) 49; 34.03%
T3 (abs; %) 16;11.11%
T4 (abs; %) 5;3.47%

Pathological N stage

NO (abs; %)

115;79.86%

N1 (abs; %) 12; 8.33%
N2 (abs; %) 17;11.8%
Histopathological Grade

G1 (abs; %) 37;25.69%
G2 (abs; %) 80; 55.56%
G3 Poorly differentiated (abs; %) 27;18.75%

Lymph-vascular invasion

Absent (abs; %)

121; 84.03%

Present (abs; %)

18;12.5%

Nan (abs; %)

5;3.47%

Pleural invasion

No (abs; %)

105; 72.92%

Yes (abs; %)

39; 27.08%

“Nan” stands for “Not A Number”, “abs” stands for “absolute value”.

https://doi.org/10.1371/journal.pone.0285188.t001

Next, as depicted in Fig 2A, from each ROI we extracted radiomic features using three pre-
trained convolutional neural networks (CNNs), namely, AlexNET, ResNet152V2 and Incep-
tionV3, after resizing all ROISs to the specific dimension required by each network. Pre-trained
CNNs have been trained on more than a million images belonging to a subset of the ImageNet
database [50], and can classify images into 1000 object categories. Pre-trained networks are
mainly characterized for their accuracy and their relative running time. Therefore, choosing
the pre-trained CNN to be implemented means finding a well-balanced compromise between
these characteristics. Accordingly, pre-trained CNNs we selected represent three different
well-balanced compromises between accuracy and relative running time [51].
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TUMOR SEGMENTATION
WITH MAXIMUM AREA

CORRESPONDING CT

CROP 20
CROP CROP 10 —_—

<0

Fig 1. ROI extraction process. After identifying the tumor segmentation with maximum area, along with the corresponding CT image, three ROIs
were extracted for each patient: CROP, CROP 10 and CROP 20.

https://doi.org/10.1371/journal.pone.0285188.9001

Concerning AlexNET [44], which requires input images resized to 227x227 pixels, we
extracted features from the pool2 layer of the network architecture which corresponds to the
second pooling layer after the second convolutional layer of the network. The pool2 layer has
an output with dimensions of 13x13x256 that is flattening to a single 43264-length vector. As
consequence, the number of extracted features is 43264 in total for each ROI of every patient.

FEATURE EXTRACTION
|
ALEXNET
RESNET 152 V2 S I:l:\
INCEPTION V3 '\\\\\ x l
===
a)
FEATURE SELECTION
Fine tuning over 5 rounds
I I Features
I Hold-out 1 i
training 80 % ?:7:;2:
3, oo A J 40%
i | of the
[11 | . time
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* HISTOLOGY - o, . @ Recurrence
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EXTERNAL VALIDATION
Hold-out test 20 %

Fig 2. Schematic overview of the proposed approach. (a) After extracting radiomic features by means of three
different pre-trained CNNs from each identified crop, (b) we performed a feature selection procedure within a 10-fold
cross-validation scheme over 5 rounds on the hold-out training set. (c) Then, we trained a SVM classifier on the hold-
out training set exploiting both clinical data and radiomic features extracted in the previous step. Finally, we
performed an external validation on the hold-out test set.

https://doi.org/10.1371/journal.pone.0285188.g002
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Concerning ResNet152V2 [52], which requires input images resized to 224x224 pixels, we
extracted features using the max_pooling2d layer, which corresponds also in this case to the
second pooling layer after the second convolutional layer and has an output with dimensions
of 28x28x256 flattened to a single 200794-length vector. Thus, for each ROI of every patient
the number of features extracted is equal to 200794.

Finally, we extracted features from the max_pooling2d layer, the second one after the sec-
ond convolutional layer of the InceptionV3 network architecture [53], after resizing images to
299x%299 pixels. The max_pooling2d layer has an output with dimensions of 35x35x192 that is
flattening to a single 235200-length vector. As consequence, the number of extracted features
is 235200 in total for each ROI of every patient.

So, for each pre-trained network, we exploited pool2 layer for feature extraction. This is
because pool2 layer is one of the initial layers of the network and returns low-level features,
i.e., representations of local details of an image, such as edges, dots, and curves. These details
would otherwise be obscured considering only global information extracted from later layers
of the network. Additionally, we extracted features from a pooling layer rather than a convolu-
tional layer to preserve the invariance to truncation, occlusion, and translation [54].

All the analysis steps have been performed by using MATLAB R2022a (Mathworks, Inc.
Natick, MA, USA) software.

Learning model

Using both clinical data and radiomic features extracted in the previous step, our aim was to
devise a model for predicting recurrence event in NCSLC. The flowchart of the implemented
method is shown in Fig 2. After implementing the feature extraction procedure previously
described, we performed a stratified randomly sampling on the overall dataset, in order to split
the 144 NSCLC patients in a hold-out training set, containing 80% of the sample, and a hold-
out test set, containing 20% of the sample. As a consequence, the hold-out training set con-
sisted of 116 patients, of which 81 control cases and 35 recurrence cases. While the hold-out
test set consisted of 28 patients, of which 23 control cases and 5 recurrences.

Consequently, we developed nine learning models which discriminate between recurrence
and non-recurrence patients, exploiting normalized features extracted by means of the three
different pre-trained CNNs from the CROP, the CROP 10 and the CROP 20, by turns.

For each devised model, we firstly selected the only features whose variance was not equal
to zero, and then we performed a feature selection procedure on the hold-out training set (Fig
2B). Thus, we recorded the features with an Area Under the Curve (AUC) value greater than
0.7 over 5 rounds of a finetuning procedure. Specifically, for each round, the hold-out training
set was partitioned into 10 smaller sets, and each of these sets was removed by turns for evalu-
ating features predictive power.

At the end of this iterative procedure, we selected the subset of radiomic features that
showed an AUC above this threshold at least 40% for AlexNET, 60% for ResNet152V2 and
100% InceptionV3. These thresholds have been found to be the optimal ones after evaluating
classification performances achieved by our model according to all possible frequencies.
Though these frequencies differ from each other due to the different architectures of the
employed networks, they represent the best trade-off between high performances and low-
dimensional datasets. Interim results were not reported to not burden the discussion.

According to this features reduction step, we obtained a subset of significative features for
each applied CNN. Then, after estimating the missing clinical data of the database by means of
the Miss Forest imputation technique [55], we combined each radiomic feature subset with
the clinical data, in order to train a SVM classifier on the hold-out training set within a 10-fold
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Table 2. Classification performances achieved with CROP images on both hold-out training and hold-out test sets.

HOLD-OUT TRAINING HOLD-OUT TEST
CNN features AUC Acc Sens Spe AUC Acc Sens Spe
AlexNET+clinical 8 0.73 0.61 0.63 0.60 0.64 0.71 0.40 0.78
ResNet152V2+clinical 16 0.71 0.66 0.71 0.63 0.54 0.39 1.0 0.26
InceptionV3+clinical 27 0.66 0.67 0.74 0.64 0.68 0.68 0.80 0.65

https://doi.org/10.1371/journal.pone.0285188.t002

cross-validation scheme over 5 rounds, as depicted in Fig 2C. SVM is a supervised machine
learning model which detects the hyperplane that has the maximum distance between data
points of both classes, through a specific kernel function. For our study the linear function was
adopted. Finally, we evaluated all the developed classification models on the hold-out test set
using the optimal feature subset identified on hold-out training set (external validation in

Fig 2).

For both the hold-out training and the hold-out test set we evaluated performances of all
used models in terms of AUC, as well as Accuracy (Acc), Sensitivity (Sens), Specificity (Spe),
which are metrics calculated by identifying the optimal threshold by means of a Youden’s
index test [56].

Results

Table 1 summarized the characteristics of the analyzed sample. For Age at Histological Diag-
nosis, Weight, and Pack Years median, first quartile q; and third quartile q5 are reported. For
the other clinical features, the absolute and relative frequencies are reported.

Classification performances achieved by all models on CROP, CROP 10 and CROP 20
images are summarized in Tables 2-4, respectively. Specifically, each table includes perfor-
mances obtained on both the hold-out training and the hold-out test sets, along with the num-
ber of radiomic features selected within the feature selection procedure and exploited for
training the related model.

Concerning CROP images, Table 2 shows how the best performances on the hold-out train-
ing set were reached with 8 residual radiomic features extracted by AlexNET: AUC = 0.73,
Acc =0.61, Sens = 0.63, and Spe = 0.60. On the other hand, the best performances on the hold-
out test set were obtained involving 27 residual features extracted by InceptionV3:

AUC = 0.68, Acc = 0.68, Sens = 0.80, and Spe = 0.65.

Considering CROP 10 images, Table 3 reveals how the best performances on the hold-out
training set have been reached exploiting 11 residual radiomic features extracted by
ResNet152V2: AUC = 0.80, Acc = 0.78, Sens = 0.66, and Spe = 0.84. However, on the hold-out
test set, the best performances were obtained by analyzing 4 residual radiomic features
extracted via AlexNET: AUC = 0.79, Acc = 0.82, Sens = 0.80, and Spe = 0.83. referring to

InceptionV3, its performances were stable on both the hold-out training and hold-out test
sets.

Table 3. Classification performances achieved with CROP 10 images on both hold-out training and hold-out test sets.

HOLD-OUT TRAINING HOLD-OUT TEST
CNN features AUC Acc Sens Spe AUC Acc Sens Spe
AlexNET+clinical 4 0.73 0.61 0.63 0.60 0.79 0.82 0.80 0.83
ResNet152V2+clinical 11 0.80 0.78 0.66 0.84 0.54 0.50 1.0 0.39
InceptionV3+clinical 11 0.75 0.70 0.83 0.64 0.72 0.89 0.60 0.96

https://doi.org/10.1371/journal.pone.0285188.t003
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Table 4. Classification performances achieved with CROP 20 images on both hold-out training and hold-out test sets.

HOLD-OUT TRAINING HOLD-OUT TEST
CNN features AUC Acc Sens Spe AUC Acc Sens Spe
AlexNET+clinical 7 0.73 0.61 0.63 0.60 0.83 0.79 0.80 0.78
ResNet152V2+clinical 17 0.78 0.72 0.83 0.68 0.63 0.79 0.60 0.83
InceptionV3-+clinical 6 0.72 0.63 0.86 0.53 0.73 0.68 1.0 0.61

https://doi.org/10.1371/journal.pone.0285188.1004

Finally, as far as CROP 20 images, Table 4 shows how the best performances on the hold-
out training set have been achieved involving 17 residual radiomic features extracted by
ResNet152V2: AUC = 0.78, Acc = 0.72, Sens = 0.83, and Spe = 0.68. These performances
decreased on the hold-out test set in terms of Sensitivity (0.60). Actually, the best performances
on the hold-out test set were reached with 7 residual radiomic features extracted by AlexNET:
AUC =0.83, Acc = 0.79, Sens = 0.80, and Spe = 0.78.

Comparing results obtained on the hold-out test set analyzing the three different CROPs,
performances achieved on CROP 20 images resulted the best ones.

Actually, for each patient, further ROIs were identified exploring other dilatation sizes,
such as, 30, 40, 50 and 60 additional pixels along the four extremal points (S1 Fig). However,
classification performances achieved by our models on all these images decreased significantly,
probably because of a too large zone of peritumoral tissue considered which could also include
surrounding regions, such as, the backbone, which could be confounding elements for model
learning. With the purpose of showing how surrounding regions containing confounding ele-
ments really affect performances, in S2 Fig we depicted AUC values achieved by models
trained on features extracted by AlexNET pool2 layer from CROP 0, CROP 10, CROP 20,
CROP 30, CROP 40, CROP 50 and CROP 60. Moreover, middle dilatation sizes were investi-
gated, but the most appropriate criterion resulted the one we adopted. Interim results were not
reported to not burden the discussion.

Finally, pooll, pool2 and pool5 layers of the AlexNET network were exploited to extract fea-
tures on the CROP 20 images, with the aim of demonstrating the second pooling layer provides
the most relevant information (S3 Fig).

Discussion

An early and accurate prediction of recurrence risk in NSCLC patients during diagnosis could
be essential to promptly designate risk patients to more aggressive medical therapies, and, on
the other hand, to spare no risk patients from unnecessary invasive treatments [1]. For this
purpose, it could be important to design a model able to assess in NSCLC patients the recur-
rence risk during diagnosis. Nowadays, in the clinical practice, CT imaging represents the gold
standard for NSCLC diagnosis. Therefore, the goal of this study is to define a model able to
predict the NSCLC recurrence risk exploiting both clinical data and a CT image of the primary
tumor, which are both acquired during the screening phase.

We analyzed a public radiogenomic database, from which a sub-cohort of 144 patients with
available CT images, segmentation tumor masks and clinical data have been selected [47]. In
order to evaluate the information contained both in the tumor region and in the peritumoral
area, once the image with largest tumor was identified, we cropped the image with dilatation
sizes 0, 10 and 20 and extracted radiomic features via CNNs. The entire sub-cohort was
divided into a hold-out training dataset and a hold-out test dataset corresponding to the 80%
and 20% of the entire sample, respectively. Then, after reducing the radiomic features and
combining them with clinical information a linear SVM classifier was trained and the perfor-
mances on the hold-out training set and the hold-out test set were computed.
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We have explored various CNNs, namely, AlexXNET, ResNET152V2, and InceptionV3, and
then we compared the related performances after suitably reducing the extracted features. Our
best results were obtained investigating the predictive power of CROP 20 images, which are
the images containing more peritumoral area. Particularly, on the hold-out training set our
model achieved an AUC value equals to 0.73, an Accuracy equals to 0.61, a Sensitivity equals
to 0.63, and a Specificity equals to 0.60. Even more promising performances were achieved on
the hold-out test set with an of AUC 0.83, an Accuracy of 0.79, a Sensitivity of 0.80, and a Spec-
ificity 0.78. These results represent the best performances in terms of balance between hold-
out training and hold-out test sets. While ResNET152V2 and InceptionV3 seem to be generally
more performing on the hold-out training set, AlexNET appeared to give better performances
on the independent test. Hence, classification performances resulted partially sensitive to pre-
trained CNN choice due to the different accuracy characterizing pre-trained networks. Indeed,
choosing a pre-trained CNN to be implemented means finding a well-balanced compromise
between accuracy and relative running time.

Moreover, comparing these results with the ones obtained by analyzing both images with-
out dilatations (CROP) and images containing a smaller dilatation (CROP 10), it is evident
how the peritumoral region allowed us to retrieve more discriminant information about
NSCLC recurrence prediction. As previously reported by our group in a study assessing the
sentinel lymph-node status in breast cancer patients by ultrasound images of the primary
tumor, we concluded the peritumoral region was essential for accurate predicting the outcome
[6]. Other dilatation sizes, such as, 30, 40, 50 and 60 additional pixels, as well as middle dilata-
tion sizes, were also investigated. On the one hand, classification performances achieved on
CROP 30, CROP 40, CROP 50 and CROP 60 images decreased significantly, probably because
of a too large zone of peritumoral tissue considered which could also include surrounding
regions, such as, the backbone, which could be confounding elements for model learning. On
the other hand, middle dilatation sizes did not appreciably contribute to improve classification
performances. Consequently, the most appropriate criterion resulted the one we adopted.

Our results are comparable with those obtained by Wang et al. who analyzed CT images
from a cohort of 157 NSCLC patients using only handcrafted-radiomic features, which are
however operator dependent. In their study, they reached an Accuracy equals to 0.85 [37].

On the other hand, S. Hindocha et al. developed a model able to predict recurrence, recur-
rence-free survival, and overall survival of NSCLC patients, by employing only clinical features
collected from a cohort of 657 patients. Considering the recurrence prediction, authors
reached an AUC value equals to 0.69 and 0.72 for the validation and external datasets, respec-
tively [38].

With respect to NSCLC recurrence studies involving features extracted by means of convo-
lutional neural networks, P. Aonpong et al. used the same radiogenomic database analyzed in
the present study to predict the NSCLC recurrence devising a genotype-guided radiomic
model [33]. For their specific goal, a sub-cohort of 88 patients was considered. Their model
predicted the NSCLC recurrence via gene expression data extracted from CT images vis CNNs
and achieved an AUC of 0.77, and Accuracy of 0.83, a Sensitivity of 0.95, and a Specificity of
0.59.

Besides, G. Kim et al. recently proposed an ensemble-based prediction model for NSCLC
recurrence involving 326 patients also including our dataset. They developed three neural net-
work models trained combining clinical data, such as tumor node stage, handcrafted radiomic
features, and deep learning radiomic features [35]. The final performances of clinical, hand-
crafted and deep-learned features together were AUC equal to 0.77, Sensitivity equals to 0.80,
and Specificity equals to 0.73.
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Table 5. NSCLC recurrence prediction: A comparison among performances achieved by the state-of-the-art models.

Wang et al. (2019) [37]
Aonpong et al. (2021) [33]

Kim et al. (2022) [35]

Hindocha et al. (2022) [38]

Best proposed model

N. of patients Model Performances

157 Handcrafted Radiomic features based Acc=0.85

88 CNN + gene-expression based AUC=0.77
Acc=0.83

326 CNN based + Handcrafted Radiomic based + Clinical based AUC=0.77
Acc=0.73

657 Clinical based AUC =0.69

144 AlexNET CNN + clinical based AUC = 0.83; Acc = 0.79

https://doi.org/10.1371/journal.pone.0285188.t005

The best performances obtained in our study have been compared with those available in
the literature, to the best of our knowledge, (Table 5).

Accordingly, compared to the main state-of-the-art, our proposal shows better performing
results, except with reference to models using genomic information. In this regard, in our
study we aimed to devise a model to predict the NSCLC recurrence, purposely neglecting the
genomic information provided by the clinical features EGFR and KRAS, that are clinically
expansive and time-consuming to obtain. Furthermore, even though studies for predicting
NSCLC recurrence involving both deep and clinical features already exist [33, 35], the original
aspect of our study is the analysis of CT images with different dilatation (crops) levels and dif-
ferent CNNG. Using a different CNN, as well as analyzing a different dilatation level, can affect
the final performances of the model. In fact, our results were extremely influenced by the
thickness of peritumoral region considered, and our best performances were obtained investi-
gating the predictive power of CROP 20 images. As well, though we exploited three pre-trained
CNNss characterized by a well-balance compromise between accuracy and relative running
time, performances were also influenced by network accuracy. Thus, in our future work, we
will also investigate the predictive power of other pre-trained networks, such as DenseNET
and Vision Transformer, as well as end-to-end models developed training CNNs on a more
conspicuous data sample.

Besides, other limitations of our study deal with its retrospective design and the limited
dimension of the dataset. With a larger dataset, it could be possible to achieve higher perfor-
mances and improve the model. For this purpose, in our future work we will collect a private
database of NSCLC patients, also including more histopathological features of the primary
tumor, along with CT images acquired during the screening phase.

Conclusion

The current study proposes an artificial intelligence-based model for early predicting recur-
rence risk in patients affected by NSCLC exploiting only data acquired during diagnosis,
namely, clinical variables and a primary tumor CT image. Specifically, in this study we investi-
gated the discriminant power of different CNNS employed for automatically extracted radio-
mics features from three different regions of interest, identified considering different thickness
of peritumoral region. Despite the promising results achieved by our model analyzing the ROI
containing the maximum peritumoral area, for our future work we aim to collect a private
database of NSCLC patients, including both histopathological features and a CT image of the
primary tumor. Moreover, it could be interesting to include the use of the Explainable Artifi-
cial Intelligence that through the years has gained a lot of attention in order to overcome the
“black-box” nature of artificial intelligence algorithms, trying to better understand and explain
the choices made by these models [57].
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Supporting information

S1 Fig. Visualization of all ROIs extracted from each patient. After identifying the tumor
segmentation with maximum area, along with the corresponding CT image, six ROIs were ini-
tially extracted for each patient, in addition to the CROP without dilation: CROP 10, CROP
20, CROP 30. CROP 40, CROP 50 and CROP 60.

(TIFF)

$2 Fig. AUC values achieved by models trained on features extracted by AlexNET pool2
layer from CROP 0, CROP 10, CROP 20, CROP 30, CROP 40, CROP 50 and CROP 60.
(TIFF)

S3 Fig. Radar chart depicting classification performances achieved exploiting features
extracted by pooll, pool2 and pool5 layers of the AlexXNET network on the CROP 20
images. Performances achieved exploiting features extracted from pool2 layer resulted the best
one.

(TIFF)

Acknowledgments

Author disclaimer: The authors affiliated with Istituto Tumori “Giovanni Paolo II,” IRCCS,
Bari are responsible for the views expressed in this article, which do not necessarily represent
the ones of the Institute.

Author Contributions
Conceptualization: Samantha Bove, Annarita Fanizzi, Raffaella Massafra.

Data curation: Samantha Bove, Annarita Fanizzi, Federico Fadda, Maria Colomba Comes,
Raffaella Massafra.

Formal analysis: Samantha Bove, Annarita Fanizzi, Federico Fadda, Maria Colomba Comes,
Raffaella Massafra.

Methodology: Samantha Bove, Annarita Fanizzi, Raffaella Massafra.
Resources: Raffaella Massafra.

Software: Samantha Bove, Annarita Fanizzi, Federico Fadda.
Supervision: Annarita Fanizzi, Raffaella Massafra.

Validation: Samantha Bove, Annarita Fanizzi, Federico Fadda.

Writing - original draft: Samantha Bove, Annarita Fanizzi, Federico Fadda, Maria Colomba
Comes, Raffaella Massafra.

Writing - review & editing: Samantha Bove, Annarita Fanizzi, Federico Fadda, Maria
Colomba Comes, Annamaria Catino, Angelo Cirillo, Cristian Cristofaro, Michele Mon-
trone, Annalisa Nardone, Pamela Pizzutilo, Antonio Tufaro, Domenico Galetta, Raffaella
Massafra.

References

1. BrayF, Ferlay J, Soerjomataram |, et al (2018) Global cancer statistics 2018: GLOBOCAN estimates of
incidence and mortality worldwide for 36 cancers in 185 countries. CA Cancer J Clin 68:394—424.
https://doi.org/10.3322/caac.21492 PMID: 30207593

PLOS ONE | https://doi.org/10.1371/journal.pone.0285188 May 2, 2023 11/14


http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0285188.s001
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0285188.s002
http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0285188.s003
https://doi.org/10.3322/caac.21492
http://www.ncbi.nlm.nih.gov/pubmed/30207593
https://doi.org/10.1371/journal.pone.0285188

PLOS ONE

Radiomics for NSCLC recurrence prediction

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

Uramoto H, Tanaka F (2014) Recurrence after surgery in patients with NSCLC. Transl Lung Cancer
Res 3:242-9. https://doi.org/10.3978/j.issn.2218-6751.2013.12.05 PMID: 25806307

Comes MC, la Forgia D, Didonna V, et al (2021) Early Prediction of Breast Cancer Recurrence for
Patients Treated with Neoadjuvant Chemotherapy: A Transfer Learning Approach on DCE-MRIs. Can-
cers (Basel) 13:2298. https://doi.org/10.3390/cancers13102298 PMID: 34064923

Comes MC, Fanizzi A, Bove S, et al (2021) Early prediction of neoadjuvant chemotherapy response by
exploiting a transfer learning approach on breast DCE-MRIs. Sci Rep 11:14123. https://doi.org/10.
1038/541598-021-93592-z PMID: 34238968

Massafra R, Comes MC, Bove S, et al (2022) Robustness Evaluation of a Deep Learning Model on Sag-
ittal and Axial Breast DCE-MRIs to Predict Pathological Complete Response to Neoadjuvant Chemo-
therapy. J Pers Med 12:953. https://doi.org/10.3390/jpm12060953 PMID: 35743737

Bove S. Comes M.C. et al. (2022) A ultrasound-based radiomic approach to predict the nodal status in
clinically negative breast cancer patients. Sci Rep https://doi.org/10.1038/s41598-022-11876-4 PMID:
35552476

Massafra R, Catino A, Perrotti PMS, et al (2022) Informative Power Evaluation of Clinical Parameters to
Predict Initial Therapeutic Response in Patients with Advanced Pleural Mesothelioma: A Machine
Learning Approach. J Clin Med 11:1659. https://doi.org/10.3390/jcm11061659 PMID: 35329985

Comes MC, FucciL, Mele F, et al (2022) A deep learning model based on whole slide images to predict
disease-free survival in cutaneous melanoma patients. Sci Rep 12:20366. https://doi.org/10.1038/
$41598-022-24315-1 PMID: 36437296

Castiglioni I, Rundo L, Codari M, et al (2021) Al applications to medical images: From machine learning
to deep learning. Physica Medica 83:9-24. https://doi.org/10.1016/j.ejmp.2021.02.006 PMID:
33662856

Zhou J, Xin H (2022) Emerging artificial intelligence methods for fighting lung cancer: A survey. Clinical
eHealth 5:19-34. https://doi.org/10.1016/j.ceh.2022.04.001

Sakamoto T, Furukawa T, Lami K, et al (2020) A narrative review of digital pathology and artificial intelli-
gence: focusing on lung cancer. Transl Lung Cancer Res 9:2255-2276. https://doi.org/10.21037/tlcr-
20-591 PMID: 33209648

Shil, He Y, Yuan Z, et al (2018) Radiomics for Response and Outcome Assessment for Non-Small
Cell Lung Cancer. Technol Cancer Res Treat 17:153303381878278. https://doi.org/10.1177/
1533033818782788 PMID: 29940810

Silva F, Pereira T, Neves |, et al (2022) Towards Machine Learning-Aided Lung Cancer Clinical Rou-
tines: Approaches and Open Challenges. J Pers Med 12:480. https://doi.org/10.3390/jpm 12030480
PMID: 35330479

Lee B, Chun SH, Hong JH, et al (2020) DeepBTS: Prediction of Recurrence-free Survival of Non-small
Cell Lung Cancer Using a Time-binned Deep Neural Network. Sci Rep 10:1952. https://doi.org/10.
1038/s41598-020-58722-z PMID: 32029785

Braghetto A, Marturano F, Paiusco M, et al (2022) Radiomics and deep learning methods for the predic-
tion of 2-year overall survival in LUNG1 dataset. Sci Rep 12:14132. https://doi.org/10.1038/s41598-
022-18085-z PMID: 35986072

Wang T, Deng J, She Y, et al (2020) Radiomics Signature Predicts the Recurrence-Free Survival in
Stage | Non-Small Cell Lung Cancer. Ann Thorac Surg 109:1741-1749. https://doi.org/10.1016/j.
athoracsur.2020.01.010 PMID: 32087134

Baek S, He Y, Allen BG, et al (2019) Deep segmentation networks predict survival of non-small cell lung
cancer. Sci Rep 9:17286. https://doi.org/10.1038/s41598-019-53461-2 PMID: 31754135

Lee NS-Y, Shafiq J, Field M, et al (2022) Predicting 2-year survival in stage I-1ll non-small cell lung can-
cer: the development and validation of a scoring system from an Australian cohort. Radiation Oncology
17:74. https://doi.org/10.1186/s13014-022-02050-1 PMID: 35418206

Choi PJ, Jeong SS, Yoon SS (2016) Prediction and prognostic factors of post-recurrence survival in
recurred patients with early-stage NSCLC who underwent complete resection. J Thorac Dis 8:152-60.
https://doi.org/10.3978/j.issn.2072-1439.2016.01.10 PMID: 26904224

Yang Y, XuL, SunL, et al (2022) Machine learning application in personalised lung cancer recurrence
and survivability prediction. Comput Struct Biotechnol J 20:1811-1820. https://doi.org/10.1016/j.csbj.
2022.03.035 PMID: 35521553

Saad M, Choi T-S (2018) Computer-assisted subtyping and prognosis for non-small cell lung cancer
patients with unresectable tumor. Computerized Medical Imaging and Graphics 67:1-8. https://doi.org/
10.1016/j.compmedimag.2018.04.003 PMID: 29660595

PLOS ONE | https://doi.org/10.1371/journal.pone.0285188 May 2, 2023 12/14


https://doi.org/10.3978/j.issn.2218-6751.2013.12.05
http://www.ncbi.nlm.nih.gov/pubmed/25806307
https://doi.org/10.3390/cancers13102298
http://www.ncbi.nlm.nih.gov/pubmed/34064923
https://doi.org/10.1038/s41598-021-93592-z
https://doi.org/10.1038/s41598-021-93592-z
http://www.ncbi.nlm.nih.gov/pubmed/34238968
https://doi.org/10.3390/jpm12060953
http://www.ncbi.nlm.nih.gov/pubmed/35743737
https://doi.org/10.1038/s41598-022-11876-4
http://www.ncbi.nlm.nih.gov/pubmed/35552476
https://doi.org/10.3390/jcm11061659
http://www.ncbi.nlm.nih.gov/pubmed/35329985
https://doi.org/10.1038/s41598-022-24315-1
https://doi.org/10.1038/s41598-022-24315-1
http://www.ncbi.nlm.nih.gov/pubmed/36437296
https://doi.org/10.1016/j.ejmp.2021.02.006
http://www.ncbi.nlm.nih.gov/pubmed/33662856
https://doi.org/10.1016/j.ceh.2022.04.001
https://doi.org/10.21037/tlcr-20-591
https://doi.org/10.21037/tlcr-20-591
http://www.ncbi.nlm.nih.gov/pubmed/33209648
https://doi.org/10.1177/1533033818782788
https://doi.org/10.1177/1533033818782788
http://www.ncbi.nlm.nih.gov/pubmed/29940810
https://doi.org/10.3390/jpm12030480
http://www.ncbi.nlm.nih.gov/pubmed/35330479
https://doi.org/10.1038/s41598-020-58722-z
https://doi.org/10.1038/s41598-020-58722-z
http://www.ncbi.nlm.nih.gov/pubmed/32029785
https://doi.org/10.1038/s41598-022-18085-z
https://doi.org/10.1038/s41598-022-18085-z
http://www.ncbi.nlm.nih.gov/pubmed/35986072
https://doi.org/10.1016/j.athoracsur.2020.01.010
https://doi.org/10.1016/j.athoracsur.2020.01.010
http://www.ncbi.nlm.nih.gov/pubmed/32087134
https://doi.org/10.1038/s41598-019-53461-2
http://www.ncbi.nlm.nih.gov/pubmed/31754135
https://doi.org/10.1186/s13014-022-02050-1
http://www.ncbi.nlm.nih.gov/pubmed/35418206
https://doi.org/10.3978/j.issn.2072-1439.2016.01.10
http://www.ncbi.nlm.nih.gov/pubmed/26904224
https://doi.org/10.1016/j.csbj.2022.03.035
https://doi.org/10.1016/j.csbj.2022.03.035
http://www.ncbi.nlm.nih.gov/pubmed/35521553
https://doi.org/10.1016/j.compmedimag.2018.04.003
https://doi.org/10.1016/j.compmedimag.2018.04.003
http://www.ncbi.nlm.nih.gov/pubmed/29660595
https://doi.org/10.1371/journal.pone.0285188

PLOS ONE

Radiomics for NSCLC recurrence prediction

22,

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Hou K-Y, Chen J-R, Wang Y-C, et al (2022) Radiomics-Based Deep Learning Prediction of Overall Sur-
vival in Non-Small-Cell Lung Cancer Using Contrast-Enhanced Computed Tomography. Cancers
(Basel) 14:3798. https://doi.org/10.3390/cancers14153798 PMID: 35954461

Evison M, Barrett E, Cheng A, et al (2021) Predicting the Risk of Disease Recurrence and Death Follow-
ing Curative-intent Radiotherapy for Non-small Cell Lung Cancer: The Development and Validation of
Two Scoring Systems From a Large Multicentre UK Cohort. Clin Oncol 33:145—-154. https://doi.org/10.
1016/j.clon.2020.09.001 PMID: 32978027

Sun W, Jiang M, Dang J, et al (2018) Effect of machine learning methods on predicting NSCLC overall
survival time based on Radiomics analysis. Radiation Oncology 13:197. https://doi.org/10.1186/
5$13014-018-1140-9 PMID: 30290849

Blanc-Durand P, Campedel L, Mule S, et al (2020) Prognostic value of anthropometric measures
extracted from whole-body CT using deep learning in patients with non-small-cell lung cancer. Eur
Radiol 30:3528-3537. https://doi.org/10.1007/s00330-019-06630-w PMID: 32055950

Afshar P, Mohammadi A, Tyrrell PN, et al (2020) $ $\text {DRTOP}$ $: deep learning-based radiomics
for the time-to-event outcome prediction in lung cancer. Sci Rep 10:12366. https://doi.org/10.1038/
s41598-020-69106-8

Choi J, Cho H, Kwon J, et al (2021) A Cascaded Neural Network for Staging in Non-Small Cell Lung
Cancer Using Pre-Treatment CT. Diagnostics 11:1047. https://doi.org/10.3390/diagnostics11061047
PMID: 34200270

Le V-H, Kha Q-H, Hung TNK, Le NQK (2021) Risk Score Generated from CT-Based Radiomics Signa-
tures for Overall Survival Prediction in Non-Small Cell Lung Cancer. Cancers (Basel) 13:3616. https://
doi.org/10.3390/cancers13143616 PMID: 34298828

Moitra D, Kr Mandal R (2020) Classification of non-small cell lung cancer using one-dimensional convo-
lutional neural network. Expert Syst Appl 159:113564. https://doi.org/10.1016/j.eswa.2020.113564

Marentakis P, Karaiskos P, Kouloulias V, et al (2021) Lung cancer histology classification from CT
images based on radiomics and deep learning models. Med Biol Eng Comput 59:215-226. https://doi.
org/10.1007/s11517-020-02302-w PMID: 33411267

Lai Y-H, Chen W-N, Hsu T-C, et al (2020) Overall survival prediction of non-small cell lung cancer by
integrating microarray and clinical data with deep learning. Sci Rep 10:4679. https://doi.org/10.1038/
541598-020-61588-w PMID: 32170141

Moitra D, Mandal RK (2020) Prediction of Non-small Cell Lung Cancer Histology by a Deep Ensemble
of Convolutional and Bidirectional Recurrent Neural Network. J Digit Imaging 33:895-902. https://doi.
org/10.1007/s10278-020-00337-x PMID: 32333132

Aonpong P, Iwamoto Y, Han X-H, et al (2021) Improved Genotype-Guided Deep Radiomics Signatures
for Recurrence Prediction of Non-Small Cell Lung Cancer. In: 2021 43rd Annual International Confer-
ence of the IEEE Engineering in Medicine & Biology Society (EMBC). IEEE, pp 3561-3564

Huang P, lllei PB, Franklin W, et al (2022) Lung Cancer Recurrence Risk Prediction through Integrated
Deep Learning Evaluation. Cancers (Basel) 14:4150. https://doi.org/10.3390/cancers14174150 PMID:
36077686

Kim G, Moon S, Choi J-H (2022) Deep Learning with Multimodal Integration for Predicting Recurrence
in Patients with Non-Small Cell Lung Cancer. Sensors 22:6594. https://doi.org/10.3390/s22176594
PMID: 36081053

Akinci D’Antonoli T, Farchione A, Lenkowicz J, et al (2020) CT Radiomics Signature of Tumor and Peri-
tumoral Lung Parenchyma to Predict Nonsmall Cell Lung Cancer Postsurgical Recurrence Risk. Acad
Radiol 27:497-507. https://doi.org/10.1016/j.acra.2019.05.019 PMID: 31285150

Wang X, Duan H, Nie S (2019) Prognostic recurrence analysis method for non-small cell lung cancer
based on CT imaging. In: Su R (ed) 2019 International Conference on Image and Video Processing,
and Artificial Intelligence. SPIE, p 41

Hindocha S, Charlton TG, Linton-Reid K, et al (2022) A comparison of machine learning methods for
predicting recurrence and death after curative-intent radiotherapy for non-small cell lung cancer: Devel-
opment and validation of multivariable clinical prediction models. EBioMedicine 77:103911. https:/doi.
org/10.1016/j.ebiom.2022.103911 PMID: 35248997

Tamura M, Matsumoto |, Tanaka Y, et al (2021) Predicting recurrence of non-small cell lung cancer
based on mean computed tomography value. J Cardiothorac Surg 16:128. https://doi.org/10.1186/
$13019-021-01476-0 PMID: 33980268

Corredor G, Wang X, Zhou Y, et al (2019) Spatial Architecture and Arrangement of Tumor-Infiltrating
Lymphocytes for Predicting Likelihood of Recurrence in Early-Stage Non—Small Cell Lung Cancer. Clin-
ical Cancer Research 25:1526—1534. https://doi.org/10.1158/1078-0432.CCR-18-2013 PMID:
30201760

PLOS ONE | https://doi.org/10.1371/journal.pone.0285188 May 2, 2023 13/14


https://doi.org/10.3390/cancers14153798
http://www.ncbi.nlm.nih.gov/pubmed/35954461
https://doi.org/10.1016/j.clon.2020.09.001
https://doi.org/10.1016/j.clon.2020.09.001
http://www.ncbi.nlm.nih.gov/pubmed/32978027
https://doi.org/10.1186/s13014-018-1140-9
https://doi.org/10.1186/s13014-018-1140-9
http://www.ncbi.nlm.nih.gov/pubmed/30290849
https://doi.org/10.1007/s00330-019-06630-w
http://www.ncbi.nlm.nih.gov/pubmed/32055950
https://doi.org/10.1038/s41598-020-69106-8
https://doi.org/10.1038/s41598-020-69106-8
https://doi.org/10.3390/diagnostics11061047
http://www.ncbi.nlm.nih.gov/pubmed/34200270
https://doi.org/10.3390/cancers13143616
https://doi.org/10.3390/cancers13143616
http://www.ncbi.nlm.nih.gov/pubmed/34298828
https://doi.org/10.1016/j.eswa.2020.113564
https://doi.org/10.1007/s11517-020-02302-w
https://doi.org/10.1007/s11517-020-02302-w
http://www.ncbi.nlm.nih.gov/pubmed/33411267
https://doi.org/10.1038/s41598-020-61588-w
https://doi.org/10.1038/s41598-020-61588-w
http://www.ncbi.nlm.nih.gov/pubmed/32170141
https://doi.org/10.1007/s10278-020-00337-x
https://doi.org/10.1007/s10278-020-00337-x
http://www.ncbi.nlm.nih.gov/pubmed/32333132
https://doi.org/10.3390/cancers14174150
http://www.ncbi.nlm.nih.gov/pubmed/36077686
https://doi.org/10.3390/s22176594
http://www.ncbi.nlm.nih.gov/pubmed/36081053
https://doi.org/10.1016/j.acra.2019.05.019
http://www.ncbi.nlm.nih.gov/pubmed/31285150
https://doi.org/10.1016/j.ebiom.2022.103911
https://doi.org/10.1016/j.ebiom.2022.103911
http://www.ncbi.nlm.nih.gov/pubmed/35248997
https://doi.org/10.1186/s13019-021-01476-0
https://doi.org/10.1186/s13019-021-01476-0
http://www.ncbi.nlm.nih.gov/pubmed/33980268
https://doi.org/10.1158/1078-0432.CCR-18-2013
http://www.ncbi.nlm.nih.gov/pubmed/30201760
https://doi.org/10.1371/journal.pone.0285188

PLOS ONE

Radiomics for NSCLC recurrence prediction

41.

42,

43.

44.

45.

46.

47.

48.

49.

50.

51.

52.
53.

54.
55.

56.

57.

Wu Z, Wang L, Li C, et al (2020) DeepLRHE: A Deep Convolutional Neural Network Framework to Eval-
uate the Risk of Lung Cancer Recurrence and Metastasis From Histopathology Images. Front Genet
11:. https://doi.org/10.3389/fgene.2020.00768 PMID: 33193560

Bellotti R, de Carlo F, Massafra R, et al (2004) Topographic classification of EEG patterns in Hunting-
ton’s disease. Neurol Clin Neurophysiol 2004:37 PMID: 16012598

LeCunY, Bengio Y, Hinton G (2015) Deep learning. Nature 521:436—444. https://doi.org/10.1038/
nature14539 PMID: 26017442

Russakovsky O, Deng J, Su H, et al (2014) ImageNet Large Scale Visual Recognition Challenge

Bera K, Braman N, Gupta A, et al (2022) Predicting cancer outcomes with radiomics and artificial intelli-
gence in radiology. Nat Rev Clin Oncol 19:132—146. https://doi.org/10.1038/s41571-021-00560-7
PMID: 34663898

Lambin P, Leijenaar RTH, Deist TM, et al (2017) Radiomics: the bridge between medical imaging and
personalized medicine. Nat Rev Clin Oncol 14:749-762. https://doi.org/10.1038/nrclinonc.2017.141
PMID: 28975929

Bakr S, Gevaert O, Echegaray S, et al (2018) A radiogenomic dataset of non-small cell lung cancer. Sci
Data 5:180202. https://doi.org/10.1038/sdata.2018.202 PMID: 30325352

Heineman DJ, Daniels JM, Schreurs WH (2017) Clinical staging of NSCLC: current evidence and impli-
cations for adjuvant chemotherapy. Ther Adv Med Oncol 9:599-609. https://doi.org/10.1177/
1758834017722746 PMID: 29081843

YASUKAWA M, SAWABATA N, KAWAGUCHI T, et al (2018) Histological Grade: Analysis of Prognosis
of Non-small Cell Lung Cancer After Complete Resection. In Vivo (Brooklyn) 32:1505-1512. https:/
doi.org/10.21873/invivo.11407 PMID: 30348709

ImageNet. http://www.image-net.org.

https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.
html#mw_6dc28e13-2f10-44a4-9632-9b8d43b376fe

He K, Zhang X, Ren S, Sun J (2015) Deep Residual Learning for Image Recognition

Szegedy C, Vanhoucke V, loffe S, et al (2015) Rethinking the Inception Architecture for Computer
Vision

Zheng L, Zhao Y, Wang S, et al (2016) Good Practice in CNN Feature Transfer

Stekhoven DJ, Bihimann P (2012) Missforest-Non-parametric missing value imputation for mixed-type
data. Bioinformatics 28:112-118. https://doi.org/10.1093/bioinformatics/btr597 PMID: 22039212

Youden WJ (1950) Index for rating diagnostic tests. Cancer 3:32-35. https://doi.org/10.1002/1097-
0142(1950)3:1<32::AID-CNCR2820030106>3.0.CO;2-3 PMID: 15405679

Gunning D, Stefik M, Choi J, et al (2019) XAl—Explainable artificial intelligence. Sci Robot 4:. https://
doi.org/10.1126/scirobotics.aay7120 PMID: 33137719

PLOS ONE | https://doi.org/10.1371/journal.pone.0285188 May 2, 2023 14/14


https://doi.org/10.3389/fgene.2020.00768
http://www.ncbi.nlm.nih.gov/pubmed/33193560
http://www.ncbi.nlm.nih.gov/pubmed/16012598
https://doi.org/10.1038/nature14539
https://doi.org/10.1038/nature14539
http://www.ncbi.nlm.nih.gov/pubmed/26017442
https://doi.org/10.1038/s41571-021-00560-7
http://www.ncbi.nlm.nih.gov/pubmed/34663898
https://doi.org/10.1038/nrclinonc.2017.141
http://www.ncbi.nlm.nih.gov/pubmed/28975929
https://doi.org/10.1038/sdata.2018.202
http://www.ncbi.nlm.nih.gov/pubmed/30325352
https://doi.org/10.1177/1758834017722746
https://doi.org/10.1177/1758834017722746
http://www.ncbi.nlm.nih.gov/pubmed/29081843
https://doi.org/10.21873/invivo.11407
https://doi.org/10.21873/invivo.11407
http://www.ncbi.nlm.nih.gov/pubmed/30348709
http://www.image-net.org
https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.html#mw_6dc28e13-2f10-44a4-9632-9b8d43b376fe
https://www.mathworks.com/help/deeplearning/ug/pretrained-convolutional-neural-networks.html#mw_6dc28e13-2f10-44a4-9632-9b8d43b376fe
https://doi.org/10.1093/bioinformatics/btr597
http://www.ncbi.nlm.nih.gov/pubmed/22039212
https://doi.org/10.1002/1097-0142(1950)3:132::AID-CNCR28200301063.0.CO;2-3
https://doi.org/10.1002/1097-0142(1950)3:132::AID-CNCR28200301063.0.CO;2-3
http://www.ncbi.nlm.nih.gov/pubmed/15405679
https://doi.org/10.1126/scirobotics.aay7120
https://doi.org/10.1126/scirobotics.aay7120
http://www.ncbi.nlm.nih.gov/pubmed/33137719
https://doi.org/10.1371/journal.pone.0285188

