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Background: Lung cancer is a malignant tumor, for which pulmonary nodules are considered to be 
significant indicators. Early recognition and timely treatment of pulmonary nodules can contribute to 
improving the survival rate of patients with cancer. Positron emission tomography-computed tomography 
(PET/CT) is a noninvasive, fusion imaging technique that can obtain both functional and structural 
information of lung regions. However, studies of pulmonary nodules based on computer-aided diagnosis 
have primarily focused on the nodule level due to a reliance on the annotation of nodules, which is superficial 
and unable to contribute to the actual clinical diagnosis. The aim of this study was thus to develop a fully 
automated classification framework for a more comprehensive assessment of pulmonary nodules in PET/CT 
imaging data.
Methods: We developed a two-stage multimodal learning framework for the diagnosis of pulmonary 
nodules in PET/CT imaging. In this framework, Stage I focuses on pulmonary parenchyma segmentation 
using a pretrained U-Net and PET/CT registration. Stage II aims to extract, integrate, and recognize image-
level and feature-level features by employing the three-dimensional (3D) Inception-residual net (ResNet) 
convolutional block attention module architecture and a dense-voting fusion mechanism. 
Results: In the experiments, the proposed model’s performance was comprehensively validated using a set 

5540

https://crossmark.crossref.org/dialog/?doi=10.21037/qims-24-234


Quantitative Imaging in Medicine and Surgery, Vol 14, No 8 August 2024 5527

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2024;14(8):5526-5540 | https://dx.doi.org/10.21037/qims-24-234

Introduction

Lung cancer is a life-threatening malignant tumor with 
high mortality rate, accounting for 11.6% of total cancer 
cases and 18.4% of total cancer deaths according to global 
cancer statistics 2018 (1). Pulmonary nodules are considered 
to be significant indicators of primary lung cancer (2), and 
it has been demonstrated that the early detection and timely 
treatment of pulmonary nodules can significantly improve 
the 5-year survival rate of patients (3). 

In recent years, the rapid advancement of medical 
imaging technology has enabled the realization of 
noninvasive imaging of the pulmonary region. For instance, 
computed tomography (CT) (4) is a structural imaging 
technology and is usually used to obtain detailed anatomical 
information of organs and tissues through the transmission 
and absorption of X-rays. Meanwhile, positron emission 
tomography (PET) (5) is a nuclear medical functional 
imaging technique that is commonly used to obtain 
information on activity, metabolism, and function by 
detecting the decay of positron emissions from a radioactive 
tracer in obtaining images. The metabolic and anatomical 
information of pulmonary region can be simultaneously 
obtained using PET and CT (PET/CT) imaging (6). 
However, traditional diagnostic methods for pulmonary 
nodules rely heavily on manual slice-by-slice screening by 
physicians, as pulmonary nodules typically exhibit various 
shapes and multiscale characteristics, resulting in significant 
healthcare burdens in practice (7).

Artificial intelligence technology, especially deep 
learning, has generated new possibilities in the application 
of smart healthcare. Recent studies indicate significant 
progress in the deep learning-based diagnosis of lung 
nodules (8,9). Shao et al. (10) proposed dual‑stream 
three-dimensional (3D) convolutional neural network to 

distinguish benign and invasive adenocarcinoma nodules 
based on 18F-fluorodeoxyglucose (18F-FDG) PET/CT. 
Apostolopoulos et al. (11) proposed a transfer learning-based 
VGG-16 to classify solitary pulmonary nodules (SPNs) in 
PET/CT imaging with 94% accuracy (Acc). Liu et al. (12) 
proposed a 3D multimodal ensemble learning architecture 
(i.e., multiscale ensemble model) that can be well adapted 
to the heterogeneity of SPNs in CT imaging for diagnosing 
benign and malignant of lung nodules. Furthermore, several 
studies (13-15) have designed vision transformer-based 
deep learning models to recognize benign and malignant 
pulmonary nodules.

Although the above studies have achieved acceptable 
Acc, the research related to the diagnosis of lung nodules 
has mainly focused on the nodule level due to the diversity 
and complexity of pulmonary nodules, with a heavy reliance 
on the manual screening by physicians. Under these 
circumstances, the means to establishing a fully automated 
framework from PET/CT imaging for pulmonary nodule 
identification has become a particularly intense area of 
interest. 

In this study, we developed a novel fully automated 
classification framework for the diagnosis of pulmonary 
nodules in PET/CT imaging using a two-stage multimodal 
learning approach. Specifically, we first employed 
pretrained U-Net and PET/CT registration to extract the 
region of interest (ROI; i.e., segmentation of pulmonary 
parenchyma region from PET/CT imaging), referred to 
as Stage I ROI segmentation. We then used a 3D Inception-
residual net (ResNet) convolutional block attention 
module (CBAM) and a dense-voting mechanism to extract, 
integrate, and classify multimodal features for pulmonary 
nodule diagnosis, which we referred to as Stage II nodule 
classification. The main contribution of this paper can be 

of real clinical data, achieving mean scores of 89.98%, 89.21%, 84.75%, 93.38%, 86.83%, and 0.9227 for 
accuracy, precision, recall, specificity, F1 score, and area under curve values, respectively. 
Conclusions: This paper presents a two-stage multimodal learning approach for the automatic diagnosis 
of pulmonary nodules. The findings reveal that the main reason for limiting model performance is the 
nonsolitary property of nodules in pulmonary nodule diagnosis, providing direction for future research.
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summarized as follows: 
	 We propose a novel two-stage paradigm for fully 

automated identification of pulmonary nodules.
	 We design a feature fusion strategy by integrating 

image-level ,  feature-level ,  and score-level 
information.

	 The proposed model achieved state-of-the-art 
(SOTA) performance compared with classical 
models.

	 Our findings highlight the critical role of solitary 
nodule detection in the diagnosis of pulmonary 
nodules.

The rest of this paper is structured as follows: Section 
“Methods” reports the details of the experimental data, 
data preprocessing, and the proposed model architecture, 
respectively. Section “Results” presents the experimental 
results and analysis. Section “Discussion” briefly discusses 
the experimental findings, misclassification analysis, 
limitations and future directions. Finally, we conclude this 
study in Section “Conclusions”. We present this article in 
accordance with the TRIPOD reporting checklist (available 
at https://qims.amegroups.com/article/view/10.21037/
qims-24-234/rc).

Methods

Dataset

The PET/CT imaging data were collected from June 
2015 to July 2020 from The 940th Hospital of Joint 
Logistics Support Force of Chinese People’s Liberation 
Army. A total of 1893 participants underwent PET/
CT scans with the Biograph True Point 64 (Siemens 

Healthineers, Erlangen, Germany). Of note, in the actual 
data collection, PET and CT images were acquired from a 
dedicated PET/CT scanner, where both PET and CT were 
completed simultaneously with the following parameters: 
tube voltage, 120 kV; tube current, 21–318 mAs; volume 
CT dose index, 1.43–21.44 mGy; layer thickness,  
3 mm; layer spacing, 0.8 mm, and contrast agent, ioversol 
injection. Moreover, patients were instructed to fast for a 
minimum of 6 hours and with a glucose level lower than  
11.1 mmol/L before intravenous administration of 18F-FDG 
(18F-fluorodeoxyglucose). PET/CT images were collected 
after an activity of 3.7–7.4 mBq/kg of 18F-FDG was injected. 
Meanwhile, patients remained in a supine resting position 
for a duration of 60±5 minutes. The image resolution of CT 
and PET were 512×512 pixels at 0.9766 mm × 0.9766 mm 
(x–y axes) and 128×128 pixels at 4.0728 mm × 4.0728 mm (x–
y axes), respectively. The CT and PET images had the same 
resolution of 1 mm in the z-direction.

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013) and was 
approved by the Ethics Committee of The 940th Hospital 
of Joint Logistics Support Force of Chinese People’s 
Liberation Army (No. 2014-06). Informed consent was 
obtained from all individual participants.

In this study, the inclusion criteria were as follows: (I)  
≥18 years old, (II) completion of preoperative PET/
CT scans and follow-up via biopsy within 1 month and 
subsequent follow-up within 1 year postoperatively 
(pathological confirmation), (III) a nodule diameter ≥10 
and ≤30 mm, and (IV) no history of previous surgery or 
chemotherapy. Finally, 499 participants were included for 
further study, and their demographic characteristics are 
reported in Table 1.

Data preprocessing

The objective of data preprocessing is to improve the 
adaptability between the data and the model. The 
preprocessing steps for CT images are as follows: (I) the 
pixel values of CT image were converted to Hounsfield 
units (HU); (II) voxel dimensions were resampled to 1 mm 
× 1 mm × 1 mm using trilinear interpolation; (III) a fixed 
size of 350×350 was achieved via cropping, with the central 
region being preserved; and (IV) the window width and 
window level were adjusted to 1,500 and −400, respectively. 

For the FDG-PET images, they were first resampled to 
1 mm × 1 mm × 1 mm using trilinear interpolation and then 
were cropped to the size of 350×350, with the central region 

Table 1 The demographic characteristics of the study participants 

Characteristic Benign Malignant

Number 305 194

Gender

Male 187 116

Female 118 78

Age (years)

Range 24–84 20–91

Mean 60.931 61.2474

Median 63 62

https://qims.amegroups.com/article/view/10.21037/qims-24-234/rc
https://qims.amegroups.com/article/view/10.21037/qims-24-234/rc
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being preserved. Finally, PET images were registered to 
their corresponding CT images, allowing for the analysis 
of PET/CT images from an anatomical-structural and 
functional-metabolic perspective.

Of note, during the data preprocessing phase, data 
annotations were obtained by three radiologists (medical 
practice >10 years) from our collaborating institutions in 
response to our request. Specifically, a nodule was classified 
as malignant only if deemed so by a consensus of at least 
two radiologists. Nodules with uncertain classifications 
were excluded from the analysis in this study. Although 
this process was time-consuming, it was necessary, and a 
valuable ground truth helps to improve the performance and 
reliability of the model (16). Finally, we selected 10 adjacent  
slices of CT for each nodule as input data for the 
segmentation model. 

Two-stage classification framework

In this section, we described our proposed a novel fully 
automated two-stage multimodal learning approach for 
the automatic diagnosis of pulmonary nodules in PET/CT 
imaging, as shown in Figure 1, which includes (I) Stage I 
ROI segmentation and (II) Stage II nodule classification. 

Stage I ROI segmentation
In order to remove the irrelevant information in PET/CT 
images, such as stents, inner wall of chest cavity, and other 
information outside the lung parenchyma, we extracted the 

pulmonary parenchyma region from the selected 10 adjacent 
slices as the ROI. Specifically, the lung parenchyma region 
masks of CT images were extracted slice by slice using the 
U-Net classical medical image segmentation network (17) 
in the ROI segmentation stage. In addition, we invited the 
radiologists from our collaborating institutions to evaluate 
the effectiveness of the segmented lung parenchyma images, 
and the segmented masks for data with poor quality were 
manually calibrated by the radiologists. 

Notably, the pre-trained U-Net was used to create masks 
for CT data. Hofmanninger et al. (18) developed a readily 
available tool for the segmentation of pathological lungs 
that allows for the direct acquisition of lung parenchymal 
masks. The segmentation model parameter settings are 
available online (https://github.com/JoHof/lungmask).

Stage II nodule classification
The nodule classification stage involves automatic feature 
extraction, feature classification, and feature fusion.
Feature extraction
Deep learning models have shown strong competitiveness 
compared to traditional machine learning models in 
several computer vision tasks by virtue of their ability to 
automatically extract higher-order features. In our study, 
three parallel inputs were fed into the 3D Inception-ResNet 
CBAM module: CT images of lung parenchyma, PET 
images of lung parenchyma, and PET/CT fusion images 
of lung parenchyma. Of note, the PET/CT fusion images 
were obtained through joint fusion or summing fusion with 

Stage I: ROI segmentation

Preprocessing
3D Inception-
ResNet-CBAM

3D Inception-
ResNet-CBAM

3D Inception-
ResNet-CBAM

Features

Features Fusion Classification

FeaturesPreprocessing

Registration

U-Net

CT CT

PET/CT

PET
PET

Stage II: nodule classification

Figure 1 An overview of the proposed two-stage classification framework for accurately recognizing pulmonary nodules in PET/CT images. 
ROI, region of interest; CT, computed tomography; PET, positron emission tomography; 3D, three-dimensional; CBAM, convolutional 
block attention module.

https://github.com/JoHof/lungmask
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CT features

PET features

Joint fusion Summing fusion

Concatenation Summation Prediction score Prediction label

Voting fusion

Voting Pf

PPET

PCT

Figure 2 Overview of the fusion strategies. CT, computed tomography; PET, positron emission tomography.

the dimensions of channel, dim_x, dim_y, and dim_z being 
2, 350, 350, and 10, respectively, or 1, 350, 350, and 10, 
respectively (see the Feature fusion section and Figure 2). As 
presented in Figures 3,4, the segmented lung parenchyma 
was first fed into stem module to extract low-order 
features. Subsequently, the stacked 3D Inception-ResNet  
module (19), CBAM (20), and 3D reduction module were 
used to automatically extract higher-order features. It is 
worth noting that the architecture of 3D Inception-ResNet 
module not only improves the model’s learning capability 
by increasing the “width” and “depth” of the feature 
extractor but also preserves the interlayer information via 
3D convolution.
Feature fusion
As shown in Figure 2, three fusion strategies, including 
joint fusion, summing fusion, and voting fusion, were 
used for feature integration. Joint fusion is a feature-level 
integration strategy achieved by concatenating various 
feature maps along channel dimensions. Summing fusion is 
an image-level integration strategy achieved through image 
registration and pixel-wise summation, which highlights 
lesion information to some extent. In the voting fusion 
approach, the highest probability sum with each class 
from all voting results is output as the prediction after the 
probability scores of each input are fed into the soft-voting 
module and summed together, which is also known as dense-
voting fusion.
Feature classification
Figure 5 illustrates the architecture of feature classification 
method. The extracted high-order features were identified 
using the stacked global average pooling (GAP), full 
connection (FC), and dropout layer. The predicted class 
information was mapped to range (0, 1) using the softmax 

activation function (21). Of note, the FC layer allows for 
the combination of features from different regions, while 
the GAP and dropout layers help to prevent overfitting and 
improve generalization.

The output results of the Stage II represent the final 
prediction for the classification of pulmonary nodules as 
benign or malignant.

Results

Experimental setup

The reported experimental results in this study were the 
mean values of the stratified fivefold cross validation. The 
experimental dataset was divided into a disjoint training set 
and test set at a ratio of 4:1. One-fold of the training set 
was designated as the validation set to fine-tune the model 
weights. Of note, we set the epoch to 500 and implemented 
an early stopping strategy to prevent model overfitting. 
The model would stop training when the loss of the 
validation set no longer decreased, with a patience of 10. In 
addition, the cross-entropy loss was employed to calculate 
the distance between predictions and ground truth labels, 
as presented in Eq. [1]. The adaptive moment estimation 
(Adam) optimizer with an initial learning rate of 1e-3 and 
cosine annealing decay was used to optimize the network. 
The detailed parameter settings of the proposed model are 
reported in Table 2.

( )
( )1

exp ,
log

exp ,n

n n
n y C

nc

x y
l w

x c
=

= −
∑

	 [1]

In Eq. [1], ln is the loss of each sample, w is the weight of 
each class, and C indicates that there are c classes.



Quantitative Imaging in Medicine and Surgery, Vol 14, No 8 August 2024 5531

© Quantitative Imaging in Medicine and Surgery. All rights reserved.   Quant Imaging Med Surg 2024;14(8):5526-5540 | https://dx.doi.org/10.21037/qims-24-234

ReLU

ReLU

ReLU

ReLU ReLU

ReLU

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
1×1×1

3D Conv
1×1×1

3D Conv
1×1×1

3D Conv
1×1×1 3D Conv

1×1×1

3D Conv
1×1×1

Filter
concat

Filter
concat

Filter
concat

Maxpool

3D Conv
1×1×1

3D Conv
1×1×1

3D Conv
1×1×1

3D Conv
1×3×1

3D Conv
3×1×1

3D Conv
1×1×7

3D Conv
1×1×1

3D Conv
1×1×7

3D Conv
7×1×1

3D Conv
7×1×1

3D Conv
7×1×1

3D Conv
1×1×3

3D Conv
1×7×1

3D Conv
1×7×1

Filter
concat

3D Conv
1×1×1

3D Conv
1×1×1

3D Conv
1×1×1

3D Inceotion-ResNet A 3D Inceotion-ResNet B 3D Inceotion-ResNet C3D Reduction B3D Reduction A

Figure 4 The architecture of the 3D Inception-ResNet A, B, C, and reduction A and B. ReLU, rectified linear unit; 3D, three-dimensional; 
Conv, convolutional layer; ResNet, residual net; Concat, concatenation.

Stem

Input Input

OutputFilter concat

Filter concat

Filter 
concat

Concat

Softmax

Softmax

F-C

F-C

Max
pooling

Max
pooling

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
3×3×3

3D Conv
1×1×7

3D Conv
1×7×1

3D Conv
7×1×1

3D Conv
3×3×3

3D Conv
1×1×1

3D Conv
1×1×1

3D 
maxpool

3D 
maxpool

3D 
maxpool

3D 
maxpool

Average
pooling

Average
pooling

F-C

F-C

Fusion

3D Inception-ResNet-A

CBAM

3D Reduction-A

3D Inception-ResNet-B

CBAM

3D Reduction-B

3D Inception-ResNet-C
×5

×10

S
patial attention

C
hannel attention

×5

CBAM

Average pooling

Features

3D Inception-ResNet-
CBAM Stem CBAM
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The experiments in this study were compiled using 
Python version 3.8.16 (Python Software Foundation, 
Wilmington, DE, USA) and PyTorch-1.8.0 with Compute 
Unified Device Architecture (CUDA) version 10.2.89 
and an A100 GPU (Nvidia Corp., Santa Clara, CA USA) 
running on Ubuntu 20.04 (Canonical, London, UK). If 
readers are interested in our work, the relevant core code 
can be provided upon request.

Evaluation criteria

In this study, six classical evaluation metrics were used to 

measure the performance of the proposed model, including 
Acc, precision (Prec), recall (Rec), specificity (Spec), F1 score, 
and the number of trainable parameters (Para). These 
metrics were calculated using the following formulae:

= TP TNAcc 
TP FP TN FN

+
+ + +

	 [2]

TPPrec
TP FP

=
+ 	  [3]

TPRec
TP FN

=
+

	 [4]

TNS
T F

pec
N P

=
+

	 [5]

21 Prec RecF
Prec Rec
× ×

=
+

	 [6]

where TP, FP, TN, and FN are true positive, false positive, 
true negative, and false negative, respectively.

The receiver operating characteristic (ROC) curve and 
area under the curve (AUC) value are also frequently used 
to validate the performance of models in medical imaging 
analysis. The ROC curve tends to approach the upper-left 

Table 2 Parameter settings of the proposed model

Parameter Setting Other

Learning rate 1e−3 Cosine annealing restarts

Epoch 500 Early stopping

Optimizer Adam –

Batch size 24 –

Adam, adaptive moment estimation; –, no settings. 

Features of PET Features of PET/CT Features of CT

Concatenation

Global average
pooling

Global average
pooling

Global average
pooling

Global average
pooling

FC + SoftmaxFC + SoftmaxFC + SoftmaxFC + Softmax

Scores Scores Scores

Scores

Dense-voting mechanism

Scores

Figure 5 The architecture of the feature classification and score fusion. FC, fully connected layer; PET, positron emission tomography; CT, 
computed tomography.
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corner when the model exhibits excellent performance and 
results, and its AUC value correspondingly increases.

Experimental results and analysis

The performance of several classical models, fusion 
strategies, and parameter settings were compared to validate 
the robustness of the proposed model.

Table 3 reports the performance of different inputs and 
fusion strategies of the proposed model in PET/CT images. 
Experimental results showed that the model achieved the 
best performance when all three channels, including CT, 
PET, and PET/CT, were simultaneously fed to the model 

(Acc =89.98%; AUC =0.9012). In the unimodal input 
experiment, PET imaging as an input exhibited higher 
Acc and Spec (Acc =87.58%, Spec =91.15%) compared to 
CT imaging (Acc =81.56%; Spec =81.90%). Moreover, 
the fusion of PET and CT imaging using the joint fusion 
strategy achieved better performance (Acc =88.58%; AUC 
=0.9153), slightly outperforming PET input alone (Acc 
=87.58%; AUC =0.9012). The ROC curves and confusion 
matrix of the proposed model are shown in Figure 6 and 
Table 4, respectively.

Table 5 provides a comparison of different 3D encoders 
between the proposed model and classical deep models, 
including AlexNet (22), LeNet (23), ResNet (24), 
Inception-v4 (19), DenseNet (25), and vision transformer 
(VIT) (26) [two-dimensional (2D) convolution and 2D 
pooling were restructured as 3D convolution and 3D 
pooling, respectively], with PET, CT, and PET/CT 
being used as inputs. The results clearly demonstrate that 
the proposed model still achieved SOTA performance 
compared with classical deep learning models. Interestingly, 
the ResNet and Inception-v4 models exhibited similar 
performance, ranking second only to our method. 

Table 3 Comparison of different inputs of the proposed model 

Modality Fusion 
Acc (%)  

(mean ± SD)
Prec (%)  

(mean ± SD)
Rec (%)  

(mean ± SD)
Spec (%)  

(mean ± SD)
F1 (%)  

(mean ± SD)
AUC Para (M)

PET – 87.58±2.26 85.52±4.74 81.92±2.49 91.15±2.93 83.65±3.14 0.9012 44.768

CT – 81.56±2.38 73.80±3.17 80.50±7.22 81.90±2.23 76.96±4.88 0.8473 44.768

PET + CT JF 88.58±2.77 87.26±3.92 82.30±5.77 92.47±1.74 84.67±4.70 0.9153 97.091

PET + CT VF 88.38±3.02 87.21±6.30 82.14±5.55 92.08±4.39 84.48±4.69 0.9083 97.100

PET + CT SF 88.38±2.67 87.05±5.89 82.31±3.13 92.14±3.72 84.56±3.93 0.9081 44.768

PET + CT + PET/CT JF + VF 88.78±3.76 89.05±4.79 81.08±8.32 93.04±3.08 84.79±4.35 0.9206 134.304

PET + CT + PET/CT SF + VF 89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227 150.670

Acc, accuracy; SD, standard deviation; Prec, precision; Rec, recall; Spec, specificity; AUC, area under curve; Para, number of trainable 
parameters; M, Mega; PET, positron emission tomography; CT, computed tomography; JF, joint fusion; VF, dense-voting fusion; SF, 
summing fusion.
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Figure 6 Receiver operating characteristic curves for the 
comparison of different inputs to the proposed model. PET, 
positron emission tomography; CT, computed tomography; JF, 
joint fusion; VF, dense-voting fusion; SF, summing fusion. 

Table 4 Confusion matrix of the proposed model 

Confusion matrix
Predicted label

Benign Malignant

Ground truth

Benign 56 3

Malignant 7 34
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Table 5 Comparison of different 3D encoders between the proposed model and classical deep models with PET, CT, and PET/CT being used as 
inputs 

Models
Acc (%)  

(mean ± SD)
Prec (%)  

(mean ± SD)
Rec (%)  

(mean ± SD)
Spec (%)  

(mean ± SD)
F1 (%)  

(mean ± SD)
AUC Para (M)

AlexNet* 86.37±4.47 85.69±7.62 78.24±7.36 91.25±4.89 81.62±6.11 0.9034 15.643

LeNet* 87.37±3.78 85.55±6.44 81.91±8.31 90.59±6.05 83.34±4.24 0.9075 1.299

ResNet* 88.37±2.81 86.22±4.01 83.35±7.12 91.32±3.51 84.61±4.23 0.9059 199.717

Inception-v4* 88.96±2.63 87.36±3.95 84.11±2.88 91.93±4.07 85.62±1.82 0.9166 148.728

DenseNet* 87.37±3.05 87.81±5.54 78.51±6.91 92.58±3.93 82.67±3.95 0.9102 51.506

VIT* 76.95±2.93 67.39±4.34 77.40±12.9 76.03±6.46 71.66±6.64 0.8078 281.929

Proposed 89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227 150.670

*, a classical deep learning model. 3D, three-dimensional; PET, positron emission tomography; CT, computed tomography; Acc, accuracy; 
SD, standard deviation; Prec, precision; Rec, recall; Spec, specificity; AUC, area under curve; Para, number of trainable parameters; M, 
Mega; ResNet, residual net; VIT, visual transformer.

Table 6 Ablation experiments with the CBAM module 

Models
CBAM 
module

Acc (%)  
(mean ± SD)

Prec (%)  
(mean ± SD)

Rec (%)  
(mean ± SD)

Spec (%)  
(mean ± SD)

F1 (%)  
(mean ± SD)

AUC Para (M)

Inception-ResNet 88.18±3.26 84.31±4.15 85.87±2.97 89.14±5.17 85.04±2.92 0.9156 143.898

Inception-ResNet CBAM √ 89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227 150.670

CBAM, convolutional block attention module; Acc, accuracy; SD, standard deviation; Prec, precision; Rec, recall; Spec, specificity; AUC, 
area under curve; Para, number of trainable parameters; M, Mega; ResNet, residual net. 

Table 7 Effect of hyperparameter setting classification on performance 

Optimizer LR DS
Acc (%)  

(mean ± SD)
Prec (%)  

(mean ± SD)
Rec (%)  

(mean ± SD)
Spec (%)  

(mean ± SD)
F1 (%)  

(mean ± SD)
AUC Para (M)

SGD 0.01# 87.80±3.42 84.77±6.18 84.33±8.35 90.05±4.72 84.18±4.31 0.9051 150.670

0.0001 CAR 85.98±3.28 84.58±6.27 78.38±5.83 90.85±4.07 81.22±4.71 0.8939

Adam 0.001# 87.60±1.13 86.69±3.18 80.10±5.31 92.1±2.19 83.16±3.13 0.9109

0.0001 CAR 89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227
#, default values. LR, learning rate; DS, decay strategy; Acc, accuracy; SD, standard deviation; Prec, precision; Rec, recall; Spec, 
specificity; AUC, area under curve; Para, number of trainable parameters; M, Mega; SGD, stochastic gradient descent; CAR, cosine 
annealing restarts; Adam, adaptive moment estimation.

Tables 6,7 present the impact of the CBAM module 
and the hyperparameter setting on the proposed model, 
respectively. It is apparent that incorporating attention 
modules and resetting hyperparameters improved 
the performance of the model. Tables 8,9 present the 
performance of the proposed model under different data 
preprocessing strategies. Table 8 demonstrates that the 
no-normalization dataset was more suitable for PET/

CT preprocessing, which may be attributed to the PET/
CT imaging process. Table 9 summarizes the performance 
of the proposed model that used the augmented data 
obtained through data rotation and translation. Figure 7  
illustrates the loss curve of the training and validation 
sets using the early stopping strategy during training. A 
detailed discussion can be found in section “Interpretation 
of experiments”.
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Discussion

In this section, we provide a brief interpretation of 
the experimental results and explore the causes of 
misclassification. Furthermore, we point out the limitations 
and future research directions of this study. The discussion 
encompasses three main aspects: (I) interpretation of 
experiments, (II) misclassification analysis, and (III) 
limitations and future directions.

Interpretation of experiments

This study focused on fully automated recognition of 

pulmonary nodules by narrowing the gap of modal on PET 
and CT images. We proposed a novel two-stage multimodal 
framework to automatically segment ROIs and identified 
pulmonary nodules. Specifically, the objective of Stage I 
is to obtain pulmonary parenchyma masks on CT images 
using a classical medical image segmentation model, U-Net. 
Stage II involves pulmonary nodule recognition using 3D 
Inception-ResNet CBAM and the dense-voting integration 
strategy.

Experimental results indicated that the best performance 
was obtained when three channels, CT, PET, and PET/
CT, were used as parallel inputs. This means that high-
order features can be extracted using 3D Inception-ResNet 
CBAM, and these features can be integrated using the 
dense-voting fusion strategy. Furthermore, the Inception 
block improves the adaptability of the network width and 
multiscale characteristics (27). The residual architecture 
enhances network depth using skip connection (24), while 
the CBAM module helps the network focus on the ROI (20).  
This implies that the feature extraction structure can be 
constructed with a combination of both deep and wide 
structures (28). In summary, pulmonary nodules typically 
exhibit various shapes and multiscale characteristics (29), as 
shown in Figure 8, and the high-order features of PET/CT 
pulmonary nodules images can be effectively extracted using 
3D Inception-ResNet CBAM architecture.

It is worth noting that use of PET as the input achieved 
higher Acc and Spec compared to use of CT in unimodal 
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Table 9 Effect of data augmentation on the proposed model 

Models Augmentation
Acc (%)  

(mean ± SD)
Prec (%)  

(mean ± SD)
Rec (%)  

(mean ± SD)
Spec (%)  

(mean ± SD)
F1 (%)  

(mean ± SD)
AUC Para (M)

Inception-ResNet 
CBAM 

√ 88.97±1.95 88.12±2.81 81.99±8.82 91.58±4.27 85.02±2.83 0.9223 150.670

89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227

Acc, accuracy; SD, standard deviation; Prec, precision; Rec, recall; Spec, specificity; AUC, area under curve; Para, number of trainable 
parameters; M, Mega; ResNet, residual net; CBAM, convolutional block attention module.

Figure 7 The loss curve for the use of the early stopping strategy 
during training. Train_loss, loss of the training set; Val_loss, loss of 
validation set.

Table 8 Effect of data normalization on the proposed model 

Model Normalization
Acc (%)  

(mean ± SD)
Prec (%)  

(mean ± SD)
Rec (%)  

(mean ± SD)
Spec (%)  

(mean ± SD)
F1 (%)  

(mean ± SD)
AUC Para (M)

Inception-ResNet 
CBAM 

√ 88.00±4.13 86.37±6.31 82.43±4.14 91.16±4.83 84.32±4.89 0.9046 150.670

89.98±2.28 89.21±2.52 84.75±6.51 93.38±1.17 86.83±3.82 0.9227

Acc, accuracy; SD, standard deviation; Prec, precision; Rec, recall; Spec, specificity; AUC, area under curve; Para, number of trainable 
parameters; M, Mega; ResNet, residual net; CBAM, convolutional block attention module. 
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Figure 8 Instances of misclassified images of the proposed model. (A) The benign nodules (green arrows) were incorrectly predicted as 
malignant, as shown in the orange dashed box, and (B) the malignant nodules (red arrows) were incorrectly predicted as benign, as shown 
in the purple dashed box. The top row is the CT images, and the bottom row is the PET images. The nodules on the CT images and PET 
images are highlighted with yellow and blue circles, respectively. CT, computed tomography; PET, positron emission tomography.

experiments using the 3D Inception-ResNet CBAM 
architecture, indicating both the high sensitivity of PET 
images in detecting pulmonary nodules, which is consistent 
with previous findings (10), and the valuable role it plays in 
multimodal fusion classification. However, this also resulted 
in a high false-positive rate (30), which was confirmed 
in the modal fusion experiments. Specifically, the fusion 
strategy that used PET and CT images as input achieved a 
performance similar to the strategy that used PET alone. 
Meanwhile, the various feature integration strategies did not 
show satisfactory results (only 1% improvement), as shown 
in Tables 3,5 and in Figure 6, which may be attributed to data 
bottlenecks (31). Nevertheless, the experimental results of the 
of the proposed model demonstrated the potential benefits of 
integrating multimodal features to improve the performance, 
which provides direction for future research work.

The effect of different fusion strategies and hyperparameter 
settings were also evaluated, as shown in Tables 3,7. Image-
level fusion contributes to localizing and highlighting lesion 
regions in PET/CT images (30,32), while the feature-
level integration, especially late fusion, helps to ensure 
the individual discriminative capabilities of each modality, 
greatly improving model robustness (33). Moreover, 
resetting the hyperparameters has been proven to improve 
the performance of models (34). Additionally, it is important 
to note that data normalization leads to a negative increase 
in the model performance, as shown in Table 8. This may 
be related to the imaging principle of PET/CT, in which 

the imaging value range is (0, N), and thus the excessive 
imaging values led to negative effects during weight 
training after data normalization (35). Figure 7 presents 
the decreasing trend of the loss function during training, 
indicating the model’s acquisition of feature knowledge 
from PET/CT data. Moreover, the implementation of the 
early stopping strategy helped to mitigate model overfitting. 
Table 9  indicates that the application of geometric 
transformation-based data augmentation techniques did 
not result in performance improvement, implying that the 
augmentation of the dataset does not significantly increase 
the effectiveness and diversity of data. This results could be 
attributed to the choice of data augmentation approaches, 
which represent a direction for future research.

In summary, we developed a novel two-stage framework, 
consisting of a pulmonary parenchyma mask segmentation 
stage and a pulmonary nodule identification stage to achieve 
the fully automated diagnosis of pulmonary nodules in 
PET/CT imaging.

Misclassification analysis

The instances of misclassifications are shown in Figure 8 and 
Table 10. Below, we outline the reasons for misclassification 
by visualizing misidentified images and integrating them 
with imaging findings, medical history, and clinical diagnosis. 
The potential factors contributing to misclassification are as 
follows:

008096 005976
A

009662 009232
B
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	 The primary cause for the misclassification 
between the benign and malignant nodules is the 
nonsolitary property. Nonsolitary pulmonary 
nodules are characterized by their overlapping 
with surrounding tissues or organs (36), making it 
challenging for the model to accurately locate and 
identify them (see 008096, 009662, and 009232 
in Figure 8). Additionally, these nodules typically 
exhibit diverse morphological features, which may 
lead to misclassification from the use of generic 
knowledge weights during model training.

	 Another potential cause of misclassification could 
be the irregular nodules and abnormal standardized 
uptake value (SUV) in both lungs. As has been 
widely acknowledged, nodules often present irregular 
shapes, such as elliptical or lobular, in both lungs (37).  
Additionally, the irregular or abnormal SUVs of 
different tissues in distinct patients (38) due to varying 
uptake levels (see 005976 in Figure 8) might have led 
to the inaccurate feature representation of the model.

In summary, the experimental results indicated that the 
primary reason for misclassification was the nonsolitary 

property of nodules, which also implies that it is necessary 
to improve the classification performance of the proposed 
model by detecting and isolating the nodules from the lung 
parenchyma.

Limitations and future directions

Although acceptable performance was achieved using the 
proposed model, there were several limitations. First, real 
clinical data are critically needed to validate the proposed 
model across a broader spectrum of datasets. Second, the 
integration strategies at both the image- and feature-levels 
could weaken the Spec of the modality. Third, manual 
hyperparameter settings rely heavily on the experience 
and subjective judgment of the researchers, which to 
some extent limits the application of the model. Finally, 
the effectiveness of segmentation may be affected by 
uncertainties, such as differences in image resolution and 
spatial resolution during image coregistration, internal 
motion introduced by respiration and heartbeat rate, etc.

In the future,  we wi l l  focus  on improving the 
performance and automation of our classification model 

Table 10 Imaging findings, medical history, and clinical diagnosis related to the images in Figure 8 

ID Imaging findings Medical history Clinical diagnosis

008096 CT: Nodular shadow in the dorsal segment of the left lower lung, lesion size 
of 1.6×1.4×2.1 cm, and hairy edge of the lesion

Nodule in the dorsal 
segment of the left 
lower lung with visible 
calcifications; tuberculosis 
in his youth

Benign nodule

PET: Abnormally increased nodular radioactivity uptake in the dorsal 
segment of the left lower lung. SUVmax 6.73

005976 CT: Thickening and disorganization of the texture of both lungs, with 
multiple nodules and milia in the lungs

Untreated tuberculosis of 
both lungs 

Benign nodule

PET: Multiple nodules in both lungs and abnormally high cornucopia of 
radioactivity uptake. SUVmax 7.59

009662 CT: Multiple nodular foci in the left lower lung, with the largest measuring  
1.3 cm in diameter

Multiple nodules in the left 
lower lung and hemangioma 
of the liver on previous 
examination

Malignant nodule

PET: Stenosis of the bronchial opening in the anterior segment of the left 
upper lobe with abnormally high radioactivity uptake. SUVmax 6.02. Mildly 
elevated radioactivity uptake present in both lungs with multiple striated 
shadows. SUVmax 1.61

009232 CT: A nodular focus visible in the right middle lung, a lesion size of 
2.7×2.5×1.2 cm, an irregular margin of the lesion, and the signs of long 
burrs and shallow lobulation

Elevated levels of malignant 
tumor markers CEA and 
CA199

Malignant nodule

PET: Abnormally increased nodular radioactivity uptake in the right middle 
lung. SUVmax 7.73

CT, computed tomography; PET, positron emission tomography; SUVmax, maximum standardized uptake value; CEA, carcinoembryonic 
antigen; CA199, carbohydrate antigen 199.
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in several directions: (I) it is essential to localize and detect 
nodules from the pulmonary parenchyma, and we will 
construct a detection model to isolate and identify them. (II) 
We will design a tailored data fusion strategy to explore the 
information complementarity of intermodal and intramodal 
features, respectively. (III) We will attempt to introduce 
a network architecture search approach to automatically 
extract features and fine-tune hyper-parameters. (IV) 
Another effective method that should be considered is 
the integration of images, medical history, and electronic 
diagnostic reports to improve the performance of model. 
(V) We will introduce generative adversarial networks 
to augment the semantic information of data (39). (VI) 
Finally, uncertainty metrics will be employed to validate 
the performance of model by providing a more objective 
measure of the robustness of the model.

Conclusions

We developed a two-stage multimodal learning framework 
for the automatic classification of pulmonary nodules in 
PET/CT imaging. Stage I involves segmenting pulmonary 
parenchyma masks using the pretrained U-Net model, and 
Stage II identifies pulmonary nodules using 3D Inception-
ResNet CBAM architecture and dense-voting feature fusion 
mechanism. The proposed model was evaluated on a set 
of clinical test sets and achieved outstanding performance, 
with average scores of 89.98%, 89.21%, 84.75%, 93.38%, 
86.83%, and 0.9227 for Acc, Prec, Rec, Spec, F1, and 
AUC, respectively. In addition, our findings reveal that the 
nonsolitary property of pulmonary nodules is the primary 
cause of reduced improvement of model performance, 
representing a direction for future research.
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