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Abstract
Early and automatic diagnosis of Solitary Pulmonary Nodules (SPN) in Computed Tomography (CT) chest scans can 
provide early treatment for patients with lung cancer, as well as doctor liberation from time-consuming procedures. The 
purpose of this study is the automatic and reliable characterization of SPNs in CT scans extracted from Positron Emis-
sion Tomography and Computer Tomography (PET/CT) system. To achieve the aforementioned task, Deep Learning with 
Convolutional Neural Networks (CNN) is applied. The strategy of training specific CNN architectures from scratch and 
the strategy of transfer learning, by utilizing state-of-the-art pre-trained CNNs, are compared and evaluated. To enhance 
the training sets, data augmentation is performed. The publicly available database of CT scans, named as Lung Image 
Database Consortium and Image Database Resource Initiative (LIDC-IDRI), is also utilized to further expand the training 
set and is added to the PET/CT dataset. The results highlight the effectiveness of transfer learning and data augmentation 
for the classification task of small datasets. The best accuracy obtained on the PET/CT dataset reached 94%, utilizing a 
modification proposal of a state-of-the-art CNN, called VGG16, and enhancing the training set with LIDC-IDRI dataset. 
Besides, the proposed modification outperforms in terms of sensitivity several similar researches, which exploit the benefits 
of transfer learning.

Keywords  Solitary pulmonary nodule classification · Deep learning · Convolutional Neural Networks · Transfer learning · 
Data augmentation

1  Introduction

Low-dose lung Computer Tomography (CT) screening pro-
vides an effective way for the early diagnosis of lung cancer. 
Commonly, clinicians observe, analyze, and interpret the 
CT scans according to the results of nodule morphology 
and clinical conditions [1]. Due to the human’s physical fac-
tors, such as limitation of the visual system, fatigue, and 
distraction, clinicians may not make the best use of the CT 
image data [2]. Moreover, clinicians may have to analyze 

a vast number of scans daily, which is a time-consuming 
procedure.

An automatic analysis of medical images, using computer 
aided diagnostic systems could make a significant contribu-
tion not only of workload reduction, but also in the early 
treatment of cancer. Despite the significant progress, fully 
automatic detection and characterization of lung nodules 
is still an open issue, due to a variety of reasons, such as 
the absence of reliably labeled, large-scale datasets [3]. The 
incorporation of Machine Learning (ML) and Deep Learn-
ing (DL) techniques for classification and segmentation 
tasks on medical images is a new promising technique for 
the last decade [4].

Deep Learning, and more specifically, Convolutional 
Neural Networks (CNN) [5], alludes to a wide class of 
Machine Learning methods and structures, utilizing large 
amount of data. Therefore, the networks’ architectures con-
sist of many processing layers, thereby learning both simple 
and complex information [6].
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CNNs have proven to be powerful tools for a broad range 
of computer vision tasks. Since 2010, the annual ImageNet 
Large Scale Visual Recognition Challenge (ILSVRC) [7] 
has brought dramatic progress in image processing. This 
competition is based on the ImageNet database, which con-
tains over 14 million images belonging to 1000 classes and 
annotated by the human hand. Many CNNs have been pro-
posed over the last years to classify those images, such as 
the CNN created by and named after the Visual Geometry 
Group (VGG) of the University of Oxford [8], and the CNN 
proposed by Howard et al. [9], called MobileNet.

Before the advances in Deep Learning, manual feature 
engineering followed by classifiers was the general pipe-
line for abnormally detection, with remarkable results [10]. 
However, manual feature extraction is still a time-consuming 
procedure, while there is a dispute between the researchers 
as to which feature is significant and which is not. After the 
relatively large-scale Lung Image Database Consortium and 
Image Database Resource Initiative (LIDC-IDRI) [11] data-
set became publicly available, deep learning-based methods 
have become the dominant framework for nodule classifica-
tion research [12].

For this study, the problem of automatic characterization 
of 167 single Solitary Pulmonary Nodules (SPNs) from a 
small dataset of CT images, extracted from 112 Positron 
Emission Tomography and Computer Tomography (PET/
CT) scans at the Laboratory of Nuclear Medicine of the Uni-
versity of Patras, is considered. The dataset consisting of 
those nodules is referred to as PET/CT dataset.

For the classification task, and especially when dealing 
with small datasets, two strategies related to the definition 
of training schemes and CNN structures are commonly used. 
The first strategy involves developing experimental CNN 
structures, or building on existing and reliable state-of-the-
art CNNs, by exploiting parts of their architecture, and then 
training the CNNs from scratch [13]. The second strategy, 
which is a mean of what is called transfer learning, retains 
both the main body and specific learned weights of a pre-
trained CNN, while it performs certain modifications for 
optimal results. In this study, both strategies are applied and 
compared to obtain the best result.

Since the PET/CT dataset, which is the target of accurate 
classification, contains a small number of unique nodules to 
train a deep and robust CNN, data augmentation is preferred 
to increase the training set with generated nodule images.

To further increase the amount of training data, it is pro-
posed to join LIDC-IDRI and PET/CT dataset and to evalu-
ate the performance of the employed networks. Although 
LIDC-IDRI and PET/CT datasets consist of images of the 
same nature (i.e., CT scans), their characteristics may vary, 
due to technical differences between the two CT scanners, or 
the fact that CT scans conducted with PET/CT were acquired 
in free-breathing conditions. For this reason, the CNNs have 

to be trained to ignore such diverse characteristics (e.g., tex-
ture, nodule position, contrast). The combination of PET/CT 
and LIDC-IDRI nodule representations resulted in enhanced 
robustness of the CNNs.

The contribution of this research lies in demonstrating 
that transfer learning can be an effective strategy in extract-
ing the representative imaging biomarkers from chest CT 
images extracted from a PET/CT images, and that it is also 
a robust and preferable strategy to circumvent the shortage 
of large-scale datasets to train deep and effective networks. 
The experimental results prove the effectiveness of transfer 
learning by using pre-trained networks, due to the fact that 
their accuracy outperformed the performance of experimen-
tal CNN architectures, which were trained from scratch. 
Moreover, the proposed transfer learning scheme obtains 
the highest sensitivity, which is a measure in defining the 
true positive rate of a test, compared to similar researches.

The remainder of the paper is divided into the follow-
ing sections: Section 2 illustrates recent related work. In 
Section 3, a brief description of transfer learning and data 
augmentation is provided. The research methodology of the 
experiment and the methods utilized are also illustrated in 
Section 3. The results are shown in Section 4. Discussion 
and concluding remarks are presented in Sections 5 and 6, 
accordingly.

2 � Related work

The problem of nodule classification, which is also consid-
ered as a problem of lung suspicious classification of lung 
nodule malignancy, is considered in a variety of studies. Due 
to the shortage of large-scale medical image datasets to train 
state-of-the-art networks presented in Image Net challenge 
from scratch, the transfer learning approach was proposed 
[14]. In this section, specific studies utilizing either deep fea-
ture extraction with experimental CNNs, or transfer learning 
with pre-trained CNNs, are highlighted.

Zhao and Liu [15] proposed an architecture called Agile 
CNNs for lung nodule classification. A hybrid CNN of LeNet 
[16] and AlexNet [17] is constructed by combining the layer 
settings of LeNet and the parameter settings of AlexNet. 
Through adjusting the parameters of the kernel size, learn-
ing rate, and other factors, the effect of these parameters on 
the performance of the CNN model was investigated and an 
optimized setting was obtained. The model was trained and 
tested with 743 CT images (368 benign and 375 malignant 
nodules) from LIDC-IDRI. It achieved an accuracy of 82.2% 
and AUC of 0.877. The results have shown that the proposed 
CNN framework and the optimization strategy for the CNN 
parameters might be suitable for pulmonary nodule clas-
sification when characterized by small medical datasets and 
small targets.
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Wei Shen et al. [18] presented a Multi-Crop Convolu-
tional Neural Network (MC-CNN) to automatically extract 
salient nodule information by employing a novel multi-crop 
pooling strategy which crops different regions from convo-
lutional feature maps and then applies max-pooling differ-
ent times. The experiments were conducted utilizing LIDC-
IDRI dataset and by augmenting the dataset using rotation, 
image translation, and flip. Extensive experimental results 
showed that the proposed method achieved 87.14% nodule 
suspiciousness classification performance and also charac-
terized nodule semantic attributes (subtlety and margin) and 
nodule diameter which are potentially helpful in modeling 
nodule malignancy.

Song et al. [19] proposed two types of Artificial Neu-
ral Networks, named as Deep Neural Network (DNN) and 
Stacked Auto – Encoder (SAE), and one CNN for the clas-
sification task. The networks were tested using the LIDC-
IDRI dataset. The extracted nodules were modified. The 
image of the pulmonary nodules was obtained by binary 
processing, which obtains the approximate outline of the 
pulmonary nodules. Then, the value of the pulmonary nod-
ules was restored in the proceeded image to the pixels of the 
pulmonary nodules. Finally, noise disturbance around the 
pulmonary nodules was eliminated. The experimental results 
suggest that the CNN archived better performance (84.15%) 
than the DNN (82.37%) and SAE (82.59%).

Causey et al. proposed a systematic approach to predict 
lung nodule malignancy from CT data in [20]. The proposed 
model, named as NoduleX, was developed with a deep CNN 
architecture, capable of performing classification or produc-
ing a feature vector that can be used as input to a second-
ary classifier. The model can integrate deep learning CNN 
features (CNN feature expression) with radiological quan-
titative image features (radiomic expression) if the segmen-
tation of the nodules is available. Utilizing a selection of 
reliably labeled 664 nodules from the LIDC-IDRI dataset, 
the model achieves 93.2% accuracy with a single partition 
evaluation.

Dey et  al. [21] developed four two-pathway CNNs, 
including a basic 3D CNN, a novel multi-output network, 
a 3D Dense Net [22], and an augmented 3D Dense Net 
with multi-outputs. The CNNs are evaluated on 686 nod-
ule images from the LIDC-IDRI dataset, obtaining 90.4% 
accuracy and 95.4% AUC score. In addition, the networks 
pretrained on the LIDC-IDRI dataset were utilized to handle 
a smaller dataset of 147 CT scans using transfer learning, 
obtaining 86.84% accuracy and 90.10% AUC score.

De Nobrega et al. [23] explored the performance of deep 
transfer learning for lung nodules malignancy classification. 
For this purpose, state-of-the-art CNNs were used as fea-
ture extractors to process the LIDC-IDRI dataset. In their 
work they also compared different classifiers’ performance 
in classifying the extracted features. They concluded that 

the best combination of feature extractor and classifier was 
CNN-ResNet50 with the SVM-RBF classifier. This com-
bination achieved 88.41% accuracy and Area Under Curve 
(AUC) score of 93.19%. They demonstrated that pretrained 
networks achieved equivalent accuracy, compared to net-
works designed and trained specifically for the same task, 
even though the pretrained networks were designed for and 
trained on non-medical images.

Zhao et al. [24] implemented three strategies to classify 
malignant and benign pulmonary nodules using CT images 
from LIDC-IDRI dataset, by making use of state-of-the-art 
CNNs. The first strategy was to perform specific modifica-
tions to the pretrained networks to specialize for the clas-
sification task of the study. The modified networks were 
trained from scratch. The second strategy was the integra-
tion of different network architectures and parameters and 
inspection of their performance. The third strategy was to 
employ transfer learning and fine-tuning. For the latter, four 
state-of-the-art models were employed and fine-tuned. In 
total, eleven deep CNN models were compared using the 
same dataset. The experimental results demonstrated that the 
transfer learning with fine-tuning outperforms the other two 
CNN schemes, which train the CNN structures from scratch.

Xie et al. [25] also adopted transfer learning for lung 
nodule classification. The algorithm proposed in their 
work transfers the image representation abilities of three 
ResNet-50 models. Then, the extracted features were utilized 
to classify lung nodules with an adaptive weighting scheme 
learned during the error backpropagation. The final results 
were obtained by weighting these models. The algorithm 
showed a classification accuracy of 93.40% when tested on 
1357 nodules from the LIDC-IDRI dataset.

A significant limitation of the mentioned related 
researches is the fact that the extracted image-features are 
not further evaluated as to their validity and to their relation 
to the common characteristics of a pulmonary nodule (e.g. 
sphericity, calcification). In fact, it is not known whether the 
deep learning algorithms based their predictions on global 
characteristics or local features, which may be present only 
in the particular image dataset and do not constitute reliable 
indicators. Furthermore, one should notice that CNNs, as all 
deep learning models being “Black Box” algorithms, lack 
the ability to support Interpretability and Explainability of 
their predictions, as has been demonstrated in [26, 27].

While the LIDC-IDRI dataset has proven to be large and 
diverse enough to employ both transfer learning techniques 
and training from scratch, in this work, the performance of 
transfer learning is applied to a very small dataset, lack-
ing the diversity of information incorporated into a large-
scale lung nodule dataset. Besides, it is yet to be proven 
whether the extracted features from the LIDC-IDRI dataset 
are indeed significant features related to lung nodule malig-
nancy. The latter issue can be addressed by utilizing both 
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the LIDC-IDRI dataset and an alternative dataset for test set, 
which is used to evaluate the significance of the extracted 
features.

3 � Methods

In the current section, detailed methodology of the research 
is provided. In Section 3.1, the fundamental questions of this 
work are presented. Besides, an overview of the experiments 
is given. In Section 3.2, the advantages of Transfer Learning 
and Data Augmentation are presented. The datasets of the 
experiment and the augmentation methods are explained in 
Section 3.3. The CNNs utilized for the classification of the 
image datasets are presented in Section 3.4.

3.1 � Research methodology

The basic research questions of this work can be summa-
rized as:

•	 Transfer learning to be an effective strategy for extracting 
representative imaging biomarkers from chest CT images 
and,

•	 To be employed as a robust and preferable strategy to 
circumvent the shortage of large-scale datasets to train 
deep and effective networks

By extracting CT images from a PET/CT system (General 
Electric Healthcare: Discovery iQ3 sl16), a small lung nod-
ule image dataset emerged and is extensively described in 
Sect. 3.3. Due to limitations of the training size, LIDC-IDRI 
dataset was exploited to enhance the size of the training sets.

For the classification process, CNN architectures devel-
oped by the authors to train from scratch and state-of-the-art 
CNNs for transfer learning were utilized. The strategy of 
transfer learning was evaluated by employing a VGG net-
work with 16 weight layers, called VGG16 [8], and another 
CNN, called MobileNet [9]. The selection of the specific 
CNNs was based on their capabilities of processing images 
of 32 × 32 pixel size, which corresponds to the size of the 
images belonging to the PET/CT dataset. The strategy of 
training from scratch was evaluated by developing three 
experimental architectures of CNNs, designed to perform 
feature extraction and classification, by employing different 
approaches, such as early feature extraction or shallow-type 
feature extraction.

Since the aim of the experiments is to achieve an accurate 
classification of the PET/CT dataset, the accuracy of the net-
works was measured based on the classification of PET/CT 
images and regardless of the training dataset. An overview 
of the experiment is illustrated in Fig. 1.

3.2 � Deep learning with transfer learning and data 
augmentation

While the effectiveness of deep learning depends on the 
availability of data, seldom are the available datasets large 
enough to train robust networks. To overcome this issue, 
data augmentation techniques have been proposed to expand 
the training data. Besides, transfer learning is an established 
method, which can be employed especially when the avail-
able datasets do not meet the requirements of deep networks 
designed to be trained from scratch [16].

3.2.1 � Transfer learning

Transfer learning refers to an approach wherein the knowl-
edge (i.e. the leaned weights of each feature) mined by a 
learning model to a specific task is applied to solve a dif-
ferent task [16]. The process of transfer learning in Deep 
Learning involves the initial training of a CNN in one task, 
utilizing large datasets. The CNN structure and parameters 
must be equipped with the ability to generalize and learn 
global features, rather than sticking to local characteristics, 
such as pixel brightness values in a specific area of the image 
[12]. The pre-trained network may then be used to make 
predictions on a new set of images of another nature, with-
out modifications regarding the architecture or the learned 
weights. Employing the pre-trained model without modifica-
tions and simply training a new network on top of it, is com-
monly called feature extraction via transfer learning [28]. 
The pre-trained model is only used as a feature extractor; the 
extracted features are then inserted into a new network that 
performs the classification task. This method is commonly 
used either to circumvent computational costs coming with 

Fig. 1   Overview of the experiment’s process
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training a very deep network from scratch, or to retain the 
useful feature extractors trained during the initial stage.

A common practice to perform transfer learning involves 
utilizing CNNs participated and stood out in the ILSVRC 
challenge.

3.2.2 � Data augmentation

Data augmentation is an essential technique that enhances 
the training set of a network and is used mainly when the 
training dataset contains only a few samples [29].

Geometric distortions or deformations are often utilized to 
either increase the number of samples for deep network train-
ing, or to balance the size of datasets. In the case of microscop-
ical images, shift and rotation invariance, as well as robustness 
for deformations and gray value variations are the necessary 
alterations applied to each image of the training set [30].

These methods have been proven fast, reproducible and reli-
able [18]. Increasing the number of the data may effectively 
improve the CNN’s training and testing accuracy, reduce the 
loss, and improve the network’s robustness. In the research for 
lung nodule detection, segmentation and classification, data aug-
mentation techniques have been employed recently [31]. How-
ever, heavy data augmentation should be carefully considered, 
as this may produce unrealistic images and confuse the CNN.

3.3 � Datasets and data augmentation

In this section, the datasets used for the experiments and 
the data pre-processing steps for preparation of the images 
are described.

4 � PET/CT dataset

The dataset named as PET/CT dataset included 112 CT 
scans corresponding to 112 patients. For every scan, more 
than one SPN may be present. From those CT scans, 80 

unique benign nodules and 87 unique malignant nodules 
were examined. For every nodule, one to seven slices that 
represented various aspects of the nodule was extracted.

Nodules larger than 30 mm are considered malignant 
and no automatic characterization is needed. Besides, 
nodules smaller than 3 mm are not considered Solitary 
Pulmonary Nodules. Therefore, nodules larger than 30 mm 
and smaller than 3 mm were excluded from the dataset. All 
SPNs meeting the above criteria were extracted.

The final PET/CT dataset consisted of 545 benign and 
607 malignant nodule images. The nodule images were 
extracted in tiff format at a fixed size of 32 × 32 pixels. In 
this way, the retention of the nodule’s characteristics was 
achieved. An area of interest of 32 × 32 pixels is enough 
for a nodule of 30 mm to fit in. The nodules were placed in 
the center of the picture. The reduction of the area of inter-
est to 32 × 32 pixels was supervised by a Nuclear Medicine 
expert, to ensure that significant neighboring information 
was not excluded.

Labeling had been done by the physicians using (a) 
biopsy results, (b) Fluoro-Deoxy-Glucose (FDG) uptake, 
or (c) patient follow up. Weakly labeled instances, i.e., 
with uncertainty as to their malignancy, were excluded 
from the dataset.

The complete generation of the PET/CT dataset from 
the initial CT Scans is illustrated in Fig. 2.

5 � LIDC‑IDRI dataset

The Lung Image Database Consortium and Image Database 
Resource Initiative (LIDC-IDRI) consists of 1018 diagnostic 
and lung cancer screening chest CT scans with marked-up 
annotated lesions by four radiologists. This dataset was initi-
ated by the National Cancer Institute (NCI) [32]. For nodule 
extraction and crop, the annotations provided by the database 
were used. As in the PET/CT dataset, nodules larger than 
30 mm and smaller than 3 mm were excluded. Moreover, 

Fig. 2   Random extracted SPN images, from the PET/CT dataset
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weakly labeled nodules were excluded as their malignancy 
rating is not scientifically validated. For every scan, more than 
one SPN may be present. All SPNs meeting the above criteria 
were extracted.

Since the specific dataset is utilized for data augmenta-
tion purposes, noisy or low-resolution nodule representations 
were not incorporated. This process resulted in the selection 
of 1116 single SPNs, of which 549 were benign and 567 were 
malignant.

6 � Data augmentation

To obtain the best classification accuracy of PET/CT nodule 
images, the initial datasets, PET/CT and LIDC-IDRI were 
joined. Thus, the performance of the CNNs with a variety of 
training sets was investigated. For the experiments, the CNNs 
are trained with the following sets:

•	 PET/CT images, referred to as DatasetA,
•	 PET/CT images, augmented during the training phase 

(rotation by maximum of 30°, vertical – horizontal flips, 
width – height shift by a maximum of 4 pixels). This data-
set is referred to as DatasetB,

•	 Combination of PET/CT and LIDC-IDRI, referred to as 
DatasetC,

•	 Combination of PET/CT, augmented during the training 
phase (rotation by maximum of 30 degrees, vertical — 
horizontal flips, width — height shift by a maximum of 
4 pixels), and LIDC-IDRI. This dataset is referred to as 
DatasetD.

6.1 � CNN architectures of this study

In this section, a brief description of the benchmark of CNNs 
and the pretrained CNNs utilized for the classification task of 
this work is illustrated.

7 � Benchmark of CNN architectures

The benchmark CNN architectures are designed to utilize dif-
ferent parameters and alternative convolution and pooling pro-
cesses. The extracted features of each CNN are inserted into 
a Neural Network utilizing a Softmax classifier to return the 
probability score of each class. The optimal parameters, such 
as the depth of the Neural Network at the top of the CNNs, the 
optimizer, the receptive of the convolutional layers, the batch 
size and epochs of training, were defined after separate exten-
sive separate experiments. Specifically, three experimental 
architectures of CNNs were developed. The developed archi-
tectures are referred to as DeepSPN (DSPN), DualDeepSPN 
(DDSPN), and ThreeDeepLIDC (TDLIDC). The architecture 
of each CNN is presented in Fig. 3.

7.1 � DSPN

This CNN consists of three sets of Convolution Layers, each 
followed by a max-pooling layer for dimensionality reduction. 
The number of the filters is gradually increasing from 32, to 
64, and 128. The Max Pooling layers reduce the size of the 
input from 32 × 32 to 16 × 16, 8 × 8 and 4 × 4, accordingly. A 
final Convolution Layer with 256 filters is then applied. This 
CNN is shallower, compared to the rest CNNs, and was devel-
oped to investigate the significance of early extracted features 
from the images.

7.2 � DDSPN

This CNN is a dual-path network. The input image undergoes 
two convolution processes independently. The task of the first 
path is to gather local (e.g. shape, edges) information and to 
directly connect them to the Neural Network at the top. The 
second path’s task is to take a more rapid step to larger filters 
and gather global characteristics. This CNN was developed to 
inspect the performance of large-scale filters, when introduced 
rapidly to the initial image.

7.3 � TDLIDC

This CNN is similar to DDSPN, but has an extra Convolution 
process path applied directly to the initial input image. For 
the third path, a Max Pooling layer of 5 × 5 receptive field is 
applied to the input image, to reduce its size to 6 × 6 pixels. 
Then, a 512-filter Convolution Layer is applied. TDLIDC was 
designed to utilize both early and deep features and to investi-
gate the rapid introduction to large filters.

8 � Modified state‑of‑the‑art Convolutional 
Neural networks

For the strategy of transfer learning, two state-of-the-art 
CNNs were utilized, which have been commonly used for 
medical imaging tasks.

As far as the VGG16 is concerned, this consists of 
16 convolutional layers and has a very uniform archi-
tecture. The receptive field of the convolution filters 
is 3 × 3. Based on the VGG16, two CNNs were devel-
oped, referred to as VGGfe, and VGGmod. As far as the 
MobileNet is concerned, this consists of 22 depth wise 
separable [33] convolutions performing a single convo-
lution on each color channel. All convolutional layers 
utilize 3 × 3, or 1 × 1 receptive field. For this experi-
ment, the modification of MobileNet is referred to as 
MobileNetmod. The extracted features of every CNN are 
supplied to a Neural Network and a Softmax classifier, 
to perform the classification process.
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8.1 � VGGfe

Concerning the VGGfe, the top six Convolution Layers 
and the two Max Pooling Layers from the VGG16 were 
disconnected, as they were causing a collapse of the image 
size, due to dimensionality reduction from the pooling 
layers. The rest of the layers were forced to retain their 
learned weights and operated as feature extractors with 
assigned weights.

8.2 � VGGmod

Concerning the VGGmod, the top four layers from the VGG16 
were disconnected. The first 17 layers, which extract local 
and possibly less significant features, were made untrain-
able to retain the learned weights from their initial training. 
The remaining layers extract more global characteristics and, 
thus, it was chosen to let those layers learn the global charac-
teristics of the new images. Depending on the classification 

Fig. 3   Architecture and parameters of DSPN,DDSPN, and TDLIDC. The numbers inside the boxes refer to the number of filters each layer con-
sists of
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results, the strategy performance will be evaluated. Com-
pared to VGGfe, this network is allowed more freedom to 
adjust the weights of the convolutional layers.

8.3 � MobileNetmod

Based on MobileNet, a modification called MobileNetmod 
was constructed. The top forty-five layers were disconnected 
from the constructed network due to dimensionality col-
lapse, while the remaining layers’ weights were retained to 
perform the classic feature extraction as VGGfe.

9 � Results

The networks were trained using DatasetA, DatasetB, 
DatasetC, and DatasetD, as explained. As the intention is 
to improve the performance and classification accuracy of 
the PET/CT dataset, the test accuracy is measured using 
folds from the original PET/CT dataset during the tenfold 
cross-validation procedure. The evaluation of the CNNs is 
based on the accuracy and AUC score, which aggregates the 
model’s behavior for all possible thresholds to distinguish 
between the two classes. Table 1 presents the CNNs’ accu-
racy. The highest values are indicated in bold.

Table 1 highlights the effectiveness of transfer learn-
ing and data augmentation methods. The highest accuracy 
obtained is 94% (VGGfe). Every network, except VGGmod, 
obtained its best score when trained on augmented data. 
The accuracy of MobileNetmod is increased by 9% on the 
dataset (DatasetD) achieving the second-best performance 
(93%). DDSPN and TDLIDC improved their performance 
by 5.66 and 5%, accordingly. It is worth mentioning that 
VGGmod was not helped by data augmentation, retaining 
its accuracy close to 88% in every case. The AUC scores 
are given in Table 2. The classification accuracy and AUC 
score results are also illustrated in Fig. 4 and Fig. 5

To evaluate the classification performance, some previ-
ous works are compared with the results of this work. All 
of these works train and test the proposed CNNs on selec-
tions of nodule images of LIDC-IDRI dataset. Since the 
particular study focuses on classifying a private dataset, it 
would be meaningful to compare the results with experi-
ments utilizing: (a) transfer learning with pre-trained 
CNNs, (b) deep feature extraction approaches. To the best 
of our knowledge, the most notable works based on the 
results, the reproducibility of the experiments and utilizing 
transfer learning, are the first four illustrated in Table 3. 
The rest six mentioned approaches utilise deep feature 
extraction methods, but not transfer learning.

In the tables, ACC refers to accuracy, SEN refers to 
sensitivity, SPE refers to specificity and AUC refers to 
AUC score.

The proposed transfer learning scheme outperforms the 
rest transfer learning approaches in terms of both accuracy, 
sensitivity, specificity, and AUC score. Compared to the 
approaches, wherein only deep feature extraction without 
transfer learning is involved, the proposed transfer learn-
ing model obtains the highest sensitivity, which is one 
of the most vital metrics, since it relates the number of 
misclassified malignant lung nodules to the correctly clas-
sified malignant nodules.

10 � Discussion

The results suggest that the optimal strategy to achieve the 
best classification accuracy of the PET/CT dataset involved 
employing VGG16 for transfer learning and expanding the 
training dataset by joining PET/CT and LIDC-IDRI images. 
Specifically, 94% classification accuracy, 92% sensitivity, 
95.2% specificity, and 93.94% Area Under Curve (AUC) 
score was obtained. Moreover, it is verified that data aug-
mentation, either by generating new images, or by joining 
the initial datasets, contributed to the performance of all 
the CNNs used for the experiment. Besides, the strategy of 
transfer learning, by utilizing a modification of the VGG16, 
obtains the best sensitivity, compared to several researches, 

Table 1   CNNs’ accuracy. The training was performed by creating 
four different datasets, as explained. The test set in each fold is con-
sisted of instances only from the original PET/CT dataset (DatasetA)

Network Datasets used for training Improvement

DatasetA DatasetB DatasetC DatasetD

DeepSPN 0.8984 0.9001 0.8810 0.9157  + 1.7%
DDSPN 0.8463 0.8637 0.8793 0.8967  + 5%
TDLIDC 0.8256 0.8098 0.8194 0.8758  + 5%
VGGfe 0.9305 0.9175 0.9401 0.9184  + 1%
VGGmod 0.8950 0.8723 0.8819 0.8697 -2.5%
MobileNet-

mod

0.8428 0.6605 0.9201 0.9314  + 9%

Table 2   CNNs’ AUC scores

Network Datasets used for training

DatasetA DatasetB DatasetC DatasetD

DeepSPN 0.8974 0.8994 0.8800 0.9156
DDSPN 0.8436 0.8640 0.8809 0.8967
TDLIDC 0.8256 0.8081 0.8191 0.8729
VGGfe 0.9289 0.9178 0.9394 0.9167
VGGmod 0.8957 0.8700 0.8843 0.8691
MobileNetmod 0.8385 0.6749 0.9185 0.9300
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utilizing the LIDC-IDRI dataset and performing transfer 
learning, or training CNNs from scratch, for deep feature 
extraction.

Training robust and deep CNNs necessitates in the sup-
plementation of large-scale training sets. As it is confirmed 
by the results, the traditional data augmentation methods 
(i.e. rotations, flips, shifts) aid in the expansion of the train-
ing set and slightly improve the classification accuracy. 
Besides, it was also demonstrated that joining CT image 
datasets of similar nature, further improves the abilities 
of the CNNs, even though image texture diversity may be 
present due to technical differences between CT scanners.

Transfer learning using pre-trained networks outper-
formed the performance of experimental CNN architec-
tures, which were trained from scratch. Thus, it is proven 
that transfer learning is an effective strategy to extract rep-
resentative imaging biomarkers in chest CT images.

Besides, the CNNs used as untrainable feature extrac-
tors (VGGfe, MobileNet) were more effective compared to 
VGGmod.VGGmod was allowed to learn new weights of the 
top layers and retain the pre-learned weights of the bottom 
layers. It is fair to assume that this strategy required more 
available data, or the data augmentation methods were not 

appropriate to this type of training scheme. The latter is veri-
fied by the drop of performance of VGGmod, when trained 
with larger datasets, containing augmented images.

Regarding the experimental CNNs and the approaches 
they followed to perform the feature extraction, it is clear 
that the rapid introduction to large filters does not per-
form any significant global feature collection. Specifically, 
the feature extraction process, followed by DDSPN and 
TDLIDC, was hampered by the addition of the extra con-
volution paths.

There are two reasons to explain this phenomenon. Either 
the selection of the convolutional processes of the extra paths 
was impeding the CNNs from gathering significant informa-
tion, or the CNNs were in need of more data to complete their 
training. This shall be investigated in a future research.

One limitation of the current study is the restricted inves-
tigation and utilization of pre-trained networks, due to limi-
tations of the space. There are several state-of-the-art CNNs, 
which were not explored. Should an even larger-scale dataset 
be available, more complex CNNs could be also employed, 
the training of which demand vaster amounts of image data.

As the available medical data increase in size rapidly, 
new methods for acquirement, transmission, and analysis are 

Fig. 4   Classification accuracy chart. The sub-charts correspond to the four datasets, while each bar refers to the employed CNNs
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becoming eminent [36–38]. More precisely, medical Image 
analysis involves detection, segmentation, and classification 
tasks [39], wherein deep learning holds and important role 
in the future. As it is demonstrated in the particular study, 
the existing state-of-the-art CNNs, although developed for 
non-medical reasons, can be employed for feature extraction 
in medical imaging.

11 � Conclusion

In this paper, it was demonstrated that transfer learning is 
a robust and preferable strategy to circumvent the shortage 
of large-scale datasets to train deep and effective networks.

However, the insuffiency of data could be addressed 
by exploring other strategies. A future research option 

Fig. 5   Area under curve score chart. The sub-charts correspond to the four datasets, while each bar refers to the employed CNNs

Table 3   Classification 
performance of related 
researches using transfer 
learning. The number in 
parenthesis next to the test data 
refers to the number of nodule 
images used for test

Approach Test data (size) ACC (%) SEN (%) SPE (%) AUC (%)

Zhao and Liu [15] LIDC (743) 82.2 - - 87.7
De Nobrega [23] LIDC (1536) 88.4 85.4 73.5 93.2
Zhao et. al. [24] LIDC (2028) 85 84 - 94
Xie et al. [25] LIDC (1357) 93.4 91.4 94.1 -
Cheng [34] LIDC (1400) 94.4 90.8 91.6 98.4
Wei et. al [35] LIDC (1375) 87.1 77 93 93
Song et. al [19] LIDC (5024) 84.1 83.9 84.3 91.6
Causey [20] LIDC (664) 93.2 87.9 98.5 97.1
Dey [21] LIDC (686) 90.4 90.5 90.3 95.5
Wu [4] LIDC (1404) 97.6 - - -
This study PET/CT (1152) 94 92.7 95.2 94
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should be the investigation with more advanced data 
augmentation techniques, such as the utilisation of Gen-
erative Adversarial Networks [40], to generate new nod-
ule representations in a more dynamic and sophisticated 
way, compared to the traditional techniques. Generating 
fake but realistic images, could further enhance the clas-
sification accuracy and the generalization capabilities 
of the CNNs.

One further direction which is of high importance, especially 
in areas such as medical informatics, for investigation in future 
research, is related to explainable – interpretable machine learn-
ing, possibly in line with E. Pintelas et al. [26, 27].
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