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Abstract
Background  Pulmonary nodules seen by computed tomography (CT) can be benign or malignant, and early 
detection is important for optimal management. The existing manual methods of identifying nodules have 
limitations, such as being time-consuming and erroneous.

Objective  This study aims to develop an Artificial Intelligence (AI) diagnostic scheme that improves the performance 
of identifying and categorizing pulmonary nodules using CT scans.

Method  The proposed deep learning framework used convolutional neural networks, and the image database 
totaled 1,056 3D-DICOM CT images. The framework was initially preprocessing, including lung segmentation, 
nodule detection, and classification. Nodule detection was done using the Retina-UNet model, while the features 
were classified using a Support Vector Machine (SVM). Performance measures, including accreditation, sensitivity, 
specificity, and the AUROC, were used to evaluate the model’s performance during training and validation.

Results  Overall, the developed AI model received an AUROC of 0.9058. The diagnostic accuracy was 90.58%, with 
an overall positive predictive value of 89% and an overall negative predictive value of 86%. The algorithm effectively 
handled the CT images at the preprocessing stage, and the deep learning model performed well in detecting and 
classifying nodules.

Conclusion  The application of the new diagnostic framework based on AI algorithms increased the accuracy of 
the diagnosis compared with the traditional approach. It also provides high reliability for detecting pulmonary 
nodules and classifying the lesions, thus minimizing intra-observer differences and improving the clinical outcome. In 
perspective, the advancements may include increasing the size of the annotated data-set and fine-tuning the model 
due to detection issues of non-solitary nodules.
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Introduction
Pulmonary nodules are small round or oval-shaped 
tumor masses of pulmonary tissue generally discov-
ered by CT scans. These nodules can be benign or 
malignant; in the latter, there is a possibility of being 
an early sign of lung cancer, as Chu et al. [7] noted. 
Pulmonary nodules are relevant for early diagnosis and 
high accuracy, essential for increasing the effective-
ness of this disease’s treatment. However, conventional 
methods used in detecting and classifying nodules 
where CT scans are manually interpreted by radiog-
raphers are a cause of concern since they suffer from 
variability in various interpretations and the possibility 
of giving wrong or missing diagnoses [19].

Current deep learning models often struggle with 
detecting larger-sized neoformans due to variations 
in morphology and overlapping structures in medical 
imaging, which can lead to misclassification or missed 
detections. These limitations reduce the models’ reli-
ability in clinical settings, where accurate identifica-
tion is critical for timely diagnosis and treatment. The 
difficulty in detecting smaller nodules further compli-
cates early intervention, potentially delaying patient 
care. To enhance model performance, incorporating 
multi-scale feature extraction and attention mecha-
nisms can improve sensitivity to subtle variations in 
nodule size. Additionally, augmenting training datas-
ets with diverse and well-annotated examples of both 
large and small nodules can help models generalize 
better to real-world clinical scenarios.

The emerging AI technologies and, more specifically, 
the deep learning approaches seem to solve the issues 
above. AI algorithms, especially convolutional neural 
networks (CNNs), have shown a high level of accuracy 
in image recognition in general, specifically in medi-
cal image analysis, particularly the detection and clas-
sification of pulmonary nodules [4, 24, 25, 39]. These 
AI models can enhance diagnostic accuracy and, at the 
same time, minimize inter-observer variation that comes 
with using human input when interpreting the images. 
Beyond the expertise of human professionals, computer-
aided diagnostic (CAD) approaches are thought to have 
the potential for accurate early lung nodule diagnosis. 
According to Zhang et al. [41], the sensitivity of all the 
chosen works’ pulmonary nodule detection ranges from 
68.9 to 100%, while the false positive rates vary from 
0.138 to 38.8 per CT examination. More than 90% sen-
sitivity was attained in a few chosen experiments, yet a 
large false positive rate typically accompanies high sen-
sitivity. The CAD system inherently limits advanced lung 
tumor detection; visual inspection is still required in 
these cases. Recently, deep learning algorithms with an 
inherent advantage of automatic feature exploitation [15, 
16] have begun to challenge conventional CAD solutions 

that rely on visual confirmation to reduce false-positive 
calls [37]. A significant way to achieve CAD is identifying 
and categorizing pulmonary nodules using deep learn-
ing technology, which may continually increase diagnosis 
accuracy through self-learning [42].

The detection and classification of a pulmonary nodule 
using conventional approaches have been described in 
the literature on several occasions [27, 30, 33]. Nonethe-
less, manual analysis of these CT scans is qualitative and 
requires a long time and is therefore prone to inaccura-
cies. Research on AI solutions has been pursued and con-
ducted for these concerns in recent years [20, 21].

Schreuder et al. [35] utilized an AI algorithm to catego-
rize pulmonary nodules in the CT scan by their volume, 
with a focus on nodules larger than 100  mm³. In their 
work, they showed a qualitative method of applying AI to 
increase the chances of identifying nodules and enhance 
the sensitivity and specificity of the nodules detected by 
the algorithm in classifying them as benign or malignant. 
This approach brings out the subject of this paper, which 
revolves around using AI to improve existing diagnostic 
processes [1, 5].

Moreover, workflow integration of AI, especially in 
the clinical setting, has been looked into by numer-
ous researchers, among them Chakraborty et al. [3, 6, 
18] are prominent. These studies prove that develop-
ing large annotated datasets is crucial to train models 
that will accurately estimate different patients’ charac-
teristics instead of accurately predicting the outcomes 
of narrow patient populations enrolled in specific trials. 
Such frameworks, as created in these studies, commonly 
include preprocessing the CT images, extracting features 
with CNN, and further categorizing the images as benign 
or malignant. These papers’ findings indicate that AI per-
forms at or above the level of medical professionals in 
diagnostic accuracy, especially in identifying and catego-
rizing pulmonary nodules [9].

However, problems persist with AI applications in ordi-
nary clinical practice even if significant progress has been 
made. Concerns like the interpret-ability of the result/
models, training data set, and incorporation of the AI 
tool into the clinical practice environment are some of 
the areas that require an understanding to enhance the 
use of AI in the diagnosis of pulmonary nodules [8].

This paper aims to develop an effective AI diagnostic 
model for pulmonary nodules purely in the CT modality. 
To establish a differential diagnosis with higher accuracy 
and improved feasibility, this study aims to develop the 
diagnostic tool based on deep learning algorithms and 
using real CT scan datasets. The various parameters to be 
employed to assess the framework’s performance are sen-
sitivity, specificity, and accuracy to check its effectiveness 
in the real world.
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Method
According to the French National Authority for Health, 
this study was established solely in accordance with the 
provisions of the General Data Protection Regulation 
(GDPR). The AI teams that participated in the review of 
CT scans also adhered to a certain code of ethics. All the 
pictures were anonymized and pseudonymized through-
out the study.

Dataset
The Data Challenge 2019 team provided the data-set to 
train the AI-based diagnostic tool. 1,056 3D-DICOM CT 
images in a range of sizes and resolutions (512 × 512 × 130 
to 512 × 512 × 1,300) made up this collection. The data-set 
was provided in three batches: 344 DICOM patients with 
annotations, provided three days prior to the final round; 
343 DICOM patients without annotations, provided for 
the final two-hour challenge round; and 343 DICOM 
patients with corresponding nodule annotations, pro-
vided during the first month of development. The dataset 
was roughly 528 megabytes in size overall.

The dataset was annotated using various techniques, 
including a single voxel mark in the nodule’s center, a 
bigger area on a single two-dimensional (2D) CT slice in 
the nodule’s center, a circle around the nodule on a single 
2D CT slice, and a 3D volume that divides the chosen 
nodules.

Furthermore, annotations for nodules smaller than 
100  mm³ were included in some DICOM files, despite 
being below the challenge’s detection limit.

Mode of observation
CT scans were the most common approach used in this 
study to obtain high-resolution lung tissue images. Scans 
were acquired employing routine clinical imaging param-
eters; the slice thickness used was between 1 and 3 mm 
to sample nodules satisfactorily. Each scan was inter-
preted by senior radiologists, who delineated the pulmo-
nary nodules and judged whether they were benign or 
malignant lesions. The annotations made by the radiolo-
gists were taken to be the ground truth labels for training 
and assessing the AI model.

Apparatus
CT scans were preprocessed and then fed into a deep-
learning model that is optimized for medical image anal-
ysis. The apparatus is comprised of high-performance 
computing servers and NVIDIA Volta V100 GPUs, which 
would allow CNNs to be trained. The set deep learning 
framework used was TensorFlow; it is one of the most 
popular and widely used ML and AI toolkits. The CNN 
architecture was developed with the aim of being sensi-
tive to the nature of pulmonary nodules, which have mul-
tiple layers to capture features of different sizes [20].

AI model development
More specifically, the proposed AI model was designed 
based on a supervised learning scheme, and the CNN 
used was trained with the labeled CT scan dataset. The 
model’s architecture had several convolutional layers, 
some max-pooling layers, and some fully connected lay-
ers. The input feed to the model was several CT scan 
images, and the predictions made by the model were 
whether the nodule was benign or malignant. The cross-
entropy loss function was used during the model’s train-
ing, with the Adam optimizer utilized to optimize the 
learning rate of the method used to minimize the loss. To 
enhance the amount and variety of training data, residual 
rotations, flips, and zoom were also incorporated into the 
process.

Model validation and testing
To test the validity of the proposed model, 344 CT scan 
images were used. The internal validation process to 
measure its performance used factors including accuracy, 
sensitivity, specificity, and the AUC-ROC. As part of the 
model’s validation, hyper-parameters were tuned to help 
improve the result. The final model was then tested on 
the remaining 344 CT scans, which were not used in the 
training or validation process. The last phase, the testing 
phase, allowed us to objectively assess the model’s useful-
ness in correctly discriminating pulmonary nodules in 
real data. To ensure compliance with GDPR while using 
patient data in AI research, data must be anonymized or 
pseudonymized to protect individual identities. Informed 
consent should be obtained and strict data governance 
practices should be implement, including access controls 
and audit trails. Additionally, adopting privacy-preserv-
ing techniques such as federated learning or differential 
privacy can allow effective model training and validation 
without compromising patient confidentiality.

AI bias in pulmonary nodule detection can arise from 
imbalanced or incomplete annotations in training data-
sets, leading to unequal performance across different 
patient demographics. These biases may result in mis-
diagnosis or delayed treatment for underrepresented 
groups, raising serious ethical concerns around fairness 
and health equity. To mitigate such risks, it’s essential 
to ensure diverse and comprehensive data annotation, 
along with transparent model validation across varied 
populations.

Statistical procedures
To assess the study’s outcome, statistical analysis was also 
done on the AI model’s performance. The basic param-
eters focused on comprised accuracy, sensitivity, specific-
ity, and AUC-ROC. Confidence intervals were calculated 
for each metric to assess the statistical significance of the 
results. A confusion matrix was generated to visualize the 
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model’s performance in classifying benign and malignant 
nodules. Additionally, a comparative analysis was per-
formed to evaluate the AI model against traditional diag-
nostic methods, with statistical tests used to determine 
the significance of any differences observed.

Processing pipeline
Our approach used a three-stage multi-threaded pipeline 
to achieve asynchronous message forwarding for inter-
step communication (refer to Fig. 1). The pipeline’s three 
phases were:

Preprocessing: Produced lung segmentation and 
standardized the DICOM data.

Deep learning: Potential nodules were identified.
Classification: Based on certain nodule features, 

classified nodules larger than 100 mm³ and assessed 
if the patient had aberrant results.

An orchestration mechanism oversaw the underlying 
daemon processes and controlled the pipeline’s data 
workflow. Using a three-node cluster, this scheduler was 
in charge of parallelizing work and dispatching images 
effectively among the CPUs and GPUs available for par-
allel processing. Based on the Linux flock locking sys-
tem, the scheduler ensured that a job processed every file 
exactly once. It kept track of every finished, in progress, 
or running job. It also looked up the resources on worker 
nodes and scheduled tasks to run on them when they 
were free.

The pipeline was constructed by an IBM Power AC922 
server with 22 IBM POWER9 CPUs, 512 GB of system 
memory, and four NVIDIA Volta V100 GPUs with 32 
GB of graphics RAM. This server offered the perfor-
mance and resilience required for machine learning and 
deep learning applications. In the last round of the com-
petition, a cluster of three IBM AC922 servers with 60 
POWER9 cores and 14 NVIDIA Volta V100 GPUs were 
used for simultaneous processing with extra machines. 
Fast networking connectivity technology (InfiniBand 
EDR switch and adapters) was used to connect jobs. In 
order to guarantee data consistency, remove the need 
for time-consuming file transfers, and deliver the high 

performance needed for the task, the spectrum scale file 
system was employed.

Preprocessing
Lung segmentation and image normalization were 
done during the preprocessing stage. CT intensities— 
expressed in Hounsfield units (HU)—were clipped 
between − 1200 and 600 to preserve air, lung, and bone 
densities. A 3D U-Net model was used for lung segmen-
tation, and CT intensities were adjusted to HU.

Preprocessing is essential for increasing the nodule 
detection model’s accuracy since it eliminates extrane-
ous data and frees up pipeline stages to concentrate on 
pertinent features. We developed a sophisticated prepro-
cessing phase for the nodule region proposal network 
using cutting-edge methods as our model. A 3D semantic 
segmentation CNN model was used to calculate the lung 
mask, and the preprocessing stage was completed with a 
final scan intensity normalization step.

Lung segmentation using a 3D CNN model
In order to improve overall reaction time and avoid 
misdetection of nodules outside of the lungs, lung seg-
mentation aimed to limit the volume examined in the 
‘nodule identification’ pipeline stage that followed, a 
3D CNN U-Net model and common Python computer 
vision tools from packages like Pydicom, SimpleITK, 
nibabel, and OpenCV were used to construct this [22, 
23]. By using the IBM AC922 technology to train this 
network, the memory constraints of the NVIDIA Volta 
V100 GPUs were overcome, and the image resolution 
was increased to 256 instead of the original 128. To 
avoid lung holes, a morphological closing operation 
was applied to the model’s output after deducing the 
lung segmentation map from the resampled image (see 
Figs. 2 and 3).

CT data transformation
The initial 3D images were cleaned and normalized 
during the CT data transformation phase to remove 
extraneous information for the following pipeline 
stage (see Fig. 4). Processed photos were written to the 
spectrum scale shared file system to provide resilience 

Fig. 1  Three stages of the suggested solution
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during a failure. The scheduler received a completion 
signal designating the image as prepared for the infer-
ence stage.

The Lung Image Database Consortium (LIDC) CT data 
sets were reduced to 1.4 × 0.7 × 0.7  mm³ pixel size. The 
LIDC dataset was divided into 700 patients for the train-
ing set (80%) and 178 patients for the validation set (20%). 
The data underwent random cropping of 128 × 128 × 64, 
and data augmentation procedures were implemented 
while enforcing a distance constraint between nodules 
and the image edges. Four hundred epochs, or 150 iter-
ations of the batch creation process, were used to train 
the algorithm. A set of loss functions intended for object 

detection and segmentation tasks was used to train the 
Retina U-Net.

The Hounsfield Unit loads and normalizes the initial 
scan intensities (A) (HU). They are clipped within a spe-
cific range to lessen the impact of extreme results and 
resampled to fit a given slice thickness that roughly cor-
responds to the average slice thickness of the dataset. In 
order to eliminate anything outside of the patient’s lungs 
while preserving the context that characterizes the nod-
ules at the borders of the lungs, the lung mask (B) is then 
dilated (C). Every pixel outside this dilated version is 
then set to some padding value matching the HU inten-
sity of normal tissue (C). Lastly, the leftover bones (E) in 

Fig. 3  a, b and c Show lungs CT segmentation d Three-dimensional (3D) representation of a patient’s lungs

 

Fig. 2  a Showing lung holes b Lung mask’s morphological closure
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the dilated lung mask version are eliminated using voxel 
intensity thresholds (based on the known HU range for 
bones) and padded to the same HU value as normal tis-
sues (F).

Nodule detection
A deep learning pipeline was created to detect nodules 
in each DICOM dataset and avoid their detection was 
achieved. To screened candidate regions, each was clas-
sified as to whether it had at least one nodule whose 
volume was above 100 mm³. For this purpose, the Retina-
UNet model, the cutting-edge object detection model, 
was used [29]. This model is based on the U-Net archi-
tecture and successfully applied in 3D cancer detection 
[17, 28] (see Fig. 5).”

Specifically, Retina-UNet architecture is based on the 
ResNet architecture with the help of the Feature Pyramid 
Network for extraction of features in a bottom-up man-
ner and up-sampling in a top-down manner. The final 
layer of the top-down pathway outputs a segmentation 
mask, while the less resolved layers generate input fea-
ture maps for the object detection subnetwork: LGlob = 
LCEBox + LHuber + LCEPix +LDice

2

Positive bounding boxes had regions of interest on the 
input feature map, with anchor boxes of different sizes 
produced. The model was trained using Adam’s opti-
mizer, and the learning rate used was 10^−4. The data 
was cropped randomly considering the inclusion of and 
lack of nodules, and a double loss strategy was applied for 
training for the problems of segmentation and detection.

Retinal-UNet architecture is shown in Fig. 5. The Ret-
ina-UNet architecture comprises many sub-networks and 
unified blocks of networks. The block (A) consists of a 
top-down pathway and a bottom-up pathway. It is a Fea-
ture Pyramid Network (FPN) built on the ResNet archi-
tecture. The bottom-up approach permits the extraction 
of features while progressively lowering the resolution 
of the feature maps. Next, each layer is subjected to an 
up-sampling process via the top-down pathway, combin-
ing it with the one before. The final layer of the top-down 
route produces a segmentation mask (C), while the input 
features maps for the second block, which is used for 
object detection, are produced by less resolved layers (C). 
To detect boxes, apply block (D) at various resolutions. 
On the input feature map, anchor boxes of various sizes 
are created at this phase. An anchor box classifier and an 
anchor box coordinate regressor are used to construct 
regions of interest, represented by a positive bound-
ing box with shift. Block (E) describes the many arrow-
depicted operations.

Feature extraction and nodule classification
The Data Challenge dataset was the only one used for 
nodule classification. Thirty-nine characteristics were 
extracted for this process from the three-dimensional 
(3D) regions found (refer to Fig. 5).

Probability Score: 1 feature provided by the deep 
learning detection method.

Bounding Box Parameters: Center, size, and volume are 
included (7 characteristics).

Fig. 4  Iterative preprocessing processes a raw b lung mask c dilated lung mask d padded e leftover bones f final
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The Pixel Intensity Statistics comprises minimum, maxi-
mum, and median values.

 	•  3D Segmentation Metrics: The following features 
were calculated for seven distinct 3D segmentations:

 	• The percentage of pixels that surpass the cutoff.
 	• Number of pixels above the cutoff.
 	• Average intensity ratio above vs. below threshold.
 	• The number of items above the cutoff.

Six intensity thresholds (T0 to T5), uniformly distrib-
uted between the lowest and maximum intensity values, 
matched six segmentations. The seventh segmentation 
resulted from the deep learning detection process. Thus, 
28 features were derived from these segmentations (4 
features per segmentation × 7 segmentations).

A Support Vector Machine (SVM) classifier was 
employed to classify nodule status in the Data Challenge 
dataset, utilizing posterior probabilities for each nodule 
[20, 23]. A linear kernel was chosen to minimize the risk 
of over-fitting. Performance evaluation of the classifier 
was conducted using a five-fold cross-validation proce-
dure (see Fig. 6). Feature selection was performed using 

Recursive Feature Elimination (RFE) to discard irrelevant 
features [34]. The classifier’s performance was quanti-
fied using the Area Under the Receiver Operating Char-
acteristic Curve (AUROC) during cross-validation, with 
AUROC as a measure of overall classifier efficacy [31]. 
Confidence intervals were determined using a ten-fold 
cross-validation approach.

In Fig.  6A, the cross-validation based on patients is 
displayed. AUC computed from B’s patient list. The itera-
tion is displayed in blue in C during the feature selection 
process with RFE. The ordered list of features repeatedly 
eliminated is matched, left to right, by the X labels. As 
a result, BBCenterX and InitScoreFeature are the first 
features to be eliminated. The red point in C represents 
the ideal RFE iteration. The features from InitScoreFea-
ture up to BBWidthY are eliminated in this iteration, cor-
responding to the features on the left of the red point. 
Starting with the entire set of features (InitScoreFeature), 
followed by the set of features after RFE (ScoreFeature-
Selection), optimization of the weight and threshold on 
low probability (ScoreBestThreshold&Weight), and lastly, 
optimization on the polynomial order (ScoreBestPolyOr-
der), are the various feature optimizations shown in D.

Fig. 5  Retinal-UNet architecture
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Reasons for method selection
The methods chosen for this study were selected based 
on their relevance and effectiveness in addressing the 
research objectives. SVM is favored for pulmonary nod-
ule detection due to its strong performance in high-
dimensional spaces and its ability to effectively separate 
classes with limited and complex medical imaging data.

CT scans as the primary observation mode is standard 
in clinical practice for pulmonary nodule detection, pro-
viding detailed images necessary for accurate diagnosis. 
The selection of deep learning, particularly CNNs, was 
driven by the proven success of these models in medi-
cal imaging tasks, particularly in detecting and classify-
ing patterns in complex datasets like CT scans. The use 
of TensorFlow as the deep learning framework was based 
on its flexibility and support for large-scale model train-
ing, which is essential for handling the high-dimensional 
data present in medical imaging.

Results
Performance overview
Further in the study, the developed AI-based diagnos-
tic framework was applied to a new set of patients, for 
which 344 new patients were randomly selected after 
the training and validation steps. The major concerns 
here were acquiring the processing of CT scans and 
achieving a high level of accuracy in identifying nodules 
along with their classification. Lung segmentation in 

the preprocessing stage took an average of 3 s. For each 
DICOM file, the operation takes 5 min. A saving in the 
training time and reinforcement, among other facets, was 
realized through using three IBM AC922 servers, each 
having 36 physical cores and helping preprocess more 
than 100 images concurrently. Handling data heterogene-
ity and format differences was a separate operation, with 
the data being fed into an application-specific DICOM 
and annotation loader.

The deep learning model was mainly used for detecting 
nodules and their classification, which took four days. To 
some extent, this can be explained by the fact that due to 
time limitation, the training process was completed only 
in a few iterations, which, however, indicates a high per-
formance of the model. Model selection for this work was 
done about the highest degree of accuracy of the average 
precision, obtained with a maximum AP of 0. 87 [11].

Model performance metrics
The main measure of the accuracy of patient classifica-
tion was the AUROC of the receiver operating charac-
teristic. The first AUROC was derived employing a linear 
SVM with the help of all 39 extracted features, equaling 
0. 8811. In order to optimize the given model, Recur-
sive Feature Elimination (RFE) was used, which helped 
remove 30 features and keep only the 10 best ones for 
further analysis [34], of which one was a feature based 
on the result of the deep learning probability of presence, 

Fig. 6  Nodule classification and feature extraction
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two were about the width of the candidate nodule, two 
were based on UNet mask segmentation, and the remain-
ing five were based on the segmentation at different 
thresholds.

After applying several optimizations, the AUROC 
improved to 0.9058. These optimizations included set-
ting a fixed threshold T = 0.1T = 0.1T = 0.1 to eliminate 
nodule candidates with a probability score lower than 
the threshold and adjusting the SVM parameter weight 
C = 2.1  C = 2.1  C = 2.1 for malignant nodules. Various 
polynomial kernel orders (ranging from 2 to 5) were 
tested, but none improved the AUROC beyond the linear 
kernel, so the order was retained at 1.

Statistical analysis
The final AUROC achieved was 0.9058 with a 95% con-
fidence interval (CI) of 0.8746–0.9362. Given that false 
negatives and false positives were considered equally 
problematic in this context, the model’s specificity was 
calculated at 86% (95% CI: 82-92%), sensitivity at 89% 
(95% CI: 88.70-92.72%), and overall accuracy at 87% (95% 
CI: 84.83-91.03%).

There were 687 patients, of which 301 had real posi-
tive results, 43 false-negative results, 297 true-negative 
results, and 46 false-positive results. Three of the four 
pulmonary nodules we discovered were precisely discov-
ered, but one was overlooked.

Comparison with traditional methods
Compared to traditional diagnostic methods, the AI-
based framework significantly improved sensitivity and 
specificity. The sensibility and specificity found in this 
model could indicate that the tool could be useful in 
clinical situations and complement physicians’ diagno-
ses because the model has proven to be precise with low 
false negative and false positive values for nodule detec-
tion and classification. The findings show that applying 
AI techniques in the diagnosis offers benefits in decreas-
ing variability and time compared to manual CT image 
readings.

Error analysis
The results of the errors’ breakdown indicate that the 
majority of false negatives occurred in the cases where 
the nodules were located at the periphery of the lungs 
or non-solid ones, which are less easily discernible. False 
positive cases are more apparent from the study and 
were mainly a result of confusion between the benign 
and malignant nodules since their features partially over-
lap. Additional optimization of the model, including the 
treatment of non-solid and part-solid nodules, could 
potentially contribute to minimizing these errors and 
enhance the model’s accuracy.

Undoubtedly, the proposed AI-based diagnostic frame-
work is quite effective in diagnosing and categorizing PN 
instances, with performance parameters that are almost 
at par with the existing techniques. As revealed in the 
present research findings, AI can increase the efficacy 
and precision of pulmonary nodule diagnosis in the clini-
cal care setting.

Discussion
This work aimed to introduce an AI model for diagnos-
ing and differentiating malignant and benign pulmonary 
nodules in CT images. In 4 weeks, we came up with an 
overall solution on the basis of open-source frameworks 
and algorithms to finish the Data Challenge 2019. AI can 
be integrated into clinical workflows for pulmonary nod-
ule detection by automatically analyzing chest CT scans 
to identify suspicious nodules with high sensitivity. It can 
prioritize scans with potential abnormalities for radi-
ologist review, reducing diagnostic delays and improving 
workflow efficiency. Additionally, AI tools can assist in 
longitudinal tracking of nodule growth, supporting early 
diagnosis and treatment planning.

The findings presented herein show that the approach 
enables the correct identification of pulmonary nodules 
only if they are higher than 100 mm³ and the scan time 
is limited. More recently, guidelines have emerged from 
observations of lung cancer screening trials and state that 
any nodule that is 6 mm in diameter or less (100 mm³) in 
volume carries a low risk of being malignant, at below 1%. 
This can be solved by leveraging Artificial Intelligence 
(AI) to develop an “augmented radiologist.” Machine 
learning classifiers, including Convolutional Neural Net-
works (CNNs), will be useful in the classification of pul-
monary nodules even given small medical datasets and 
targets [2, 10, 14, 26, 42].

The developed system demonstrated high efficiency in 
different evaluation criteria, such as AUROC of 0.9058. 
The accuracy of this test is 90%, while the sensitivity is 
89% and the specificity is 86%. In particular, it showed the 
level of comparability between the performance of the 
proposed method for different databases obtained from 
various hospitals and different data collection methods. 
Improvements can involve using GPUs with more mem-
ory or producing more annotated data. Greater memory 
capacity would enable larger tile sizes, enabling deep 
learning algorithms to capture more spatial data. The 
tile size used in the current study was 128 × 128 × 64, and 
the batch size was 26. More batches could speed up con-
vergence and cut down on iteration noise. Due to GPU 
restrictions, the network had trouble with a tile size of 
256 × 256 × 64, which resulted in a tiny batch size that 
hindered training effectiveness. Future developments in 
GPU technology could resolve this problem.
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Batch size directly impacts the stability and speed of 
training in deep learning models, with larger batches 
providing more accurate gradient estimates but requir-
ing significantly more memory. Smaller batch sizes may 
generalize better but can lead to noisier updates and lon-
ger training times. Advancements in GPU technology, 
such as increased memory capacity and parallel process-
ing capabilities, enable the use of larger batch sizes and 
more complex models, thereby improving both training 
efficiency and overall model performance.

High-performance GPUs and parallel processing signif-
icantly enhance the efficiency of deep learning in medical 
imaging by accelerating data processing, model train-
ing, and inference times. These computational resources 
enable the handling of large, high-resolution medical 
datasets and the training of complex models that would 
be impractical on standard hardware. As a result, they 
support scalability, allowing researchers and clinicians 
to deploy AI solutions across diverse clinical settings and 
larger patient populations more effectively.

Integrating feature optimization techniques like Recur-
sive Feature Elimination (RFE) and weight optimization 
can enhance the accuracy of deep learning models by 
identifying and retaining the most relevant input fea-
tures, reducing noise and overfitting. RFE systematically 
removes less important features, while weight optimi-
zation fine-tunes the model’s parameters to improve 
learning efficiency and generalization. Together, these 
methods contribute to more reliable and interpretable 
outcomes in medical imaging, ultimately supporting bet-
ter clinical decision-making.

Improving detection accuracy could involve more pre-
cise lung segmentation, as some errors arose from nod-
ules located on the pleura being misclassified as outside 
the lung. Additionally, refining the classification of nod-
ule candidates could enhance performance. Given the 
limited patient data, machine learning techniques were 
employed; with a larger dataset, 3D deep learning clas-
sifiers could be utilized, which have shown promise in 
3D medical imaging [12, 32]. Addressing specific situ-
ations, such as pulmonary condensations or non-solid 
and part-solid nodules, by classifying them into distinct 
categories may also reduce confusion and improve accu-
racy [38]. For the JFR Data Challenge, manual segmenta-
tion of the JFR dataset was not feasible, leading us to use 
the LUNA16-LIDC dataset, which provides high-quality 
nodule segmentations, for training our deep learning 
model [36]. The JFR dataset was used to determine the 
final patient statuses.

Previous research has demonstrated that AI models 
using residual learning architectures can predict the inva-
sive nature of ground-glass nodules with performance 
comparable to or exceeding that of radiologists [13, 36]. 
Radiomics, whereby quantitative imaging biomarkers are 

obtained from large volumes of complex data, also proves 
very useful for the non-invasive evaluation of nodule and 
tumor behavior [40].

 Implications of the findings
These findings generate important implications for clini-
cal practice. AI can also integrate with the diagnostic 
process, enhancing the speed and consistency of CT 
scans’ diagnoses compared to manual interpretation. 
This can be explained by the fact that in the case of lung 
cancer, early diagnosis and treatment are critical for the 
patient’s outcomes. Thus, the AI-based framework sug-
gested in this article can be useful for refining the pulmo-
nary nodule detection and classification process, which, 
in turn, increases the efficiency of radiologists’ work and 
the quality of patient care.

Also, the present study’s success in using deep learn-
ing creates possibilities for future research and develop-
ment. Based on this study, other future research should 
consider taking a larger data sample and including a 
more proximal training data sample. As suggested in 
other studies, the implementation of 3D deep learning 
system classifiers could also be investigated to enhance 
the accuracy of nodule classification, particularly in cases 
involving non-solid and part-solid pulmonary nodules. 
The quality and diversity of training data are crucial for 
deep learning models to generalize effectively across 
varied patient populations and imaging modalities, as 
limited or biased data can lead to poor performance in 
real-world scenarios. Diverse datasets that include a wide 
range of demographics, disease presentations, and imag-
ing sources help the model learn robust and inclusive 
patterns. Researchers can ensure representativeness by 
sourcing data from multiple institutions, applying strati-
fied sampling, and regularly auditing datasets for gaps in 
population and modality coverage.

Limitations of the study
However, there are some limitations worth mentioning in 
regard to this study despite the positive results that have 
been shown. First, the work was performed on nodes 
with a volume greater than 100 mm³, which attests to the 
involvement of big-sized neoformans, which might not 
allow the use of the resulting framework for analyzing 
smaller-scaled neoformans, which are also able to have 
clinical implications. The quality of the deep learning 
model is always associated with the variety of data used 
in training the model, and its ability to detect such small 
nodules may be affected if there are few such cases in the 
training data.

Another limitation is that the batch size in the train-
ing process is not large enough since the real size of GPU 
memory limits the choice. The experiment’s performance 
was not bad, as evidenced by the metrics obtained. 
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Hence, it could be possible to reduce the interaction 
noise further and gain even better results by having a 
larger batch size. New studies should check into next-
generation GPUs that have higher memory capacities to 
address this issue and improve the model’s performance.

Conclusion
In conclusion, this work proves the high sensitivity and 
accuracy of the proposed AI-based diagnostic framework 
in detecting and classifying pulmonary nodules in CT 
scans. The current study’s high sensitivity, specificity, and 
AUROC endorse the framework and can be sounded as 
possible in clinical settings. However, many studies are 
needed to enhance and improve the model, and proper 
teamwork between engineers, data scientists, and radi-
ologists is also required to properly use the model in 
clinical practice. Further advancement of AI in medical 
imaging will positively change the effectiveness of diag-
nosis and patients’ quality of life in lung cancer screening 
and other diseases.
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