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Introduction

Lung cancer is a leading cause of cancer-related mortality world-
wide and is one of the most common types of cancer, posing a 
major global public health burden [1]. Early and accurate di-

agnosis is essential for improving patient outcomes because survival 
rates decline substantially with disease progression [2]. Lung cancer is 
broadly classified into two major histological subtypes: Small Cell Lung  
Cancer (SCLC) and Non-Small Cell Lung Cancer (NSCLC), with 
NSCLC accounting for the majority of cases [3]. 

Medical imaging modalities, including Computed Tomography (CT) 
scan and Positron Emission Tomography (PET), have a significant 
role in diagnosing lung cancer. Despite their widespread clinical use, 
each modality has inherent limitations. CT scans provide anatomical  
information but lack functional information, making low-contrast  
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ABSTRACT
Lung cancer is a leading cause of cancer-related mortality worldwide. [18F]-fluoro-
deoxyglucose ([18F]-FDG) Positron Emission Tomography/Computed Tomography 
(PET/CT) imaging is an advanced medical imaging modality used for lung cancer 
diagnosis. However, despite the availability of such an imaging modality, current 
methods of diagnosing cancer and interpreting images are prone to error. Therefore, 
Artificial Intelligence (AI)-based methods for medical image analysis are introduced 
and widely applied to enhance diagnostic accuracy. These methods, particularly deep 
learning techniques, require large datasets. Collecting image datasets, especially PET/
CT images, is time-consuming, labor-intensive, and in some instances impossible due 
to the high costs and low availability of imaging centers. To facilitate further research 
in AI for lung cancer diagnosis, we present a publicly available 2D [18F]-FDG PET/
CT lung image dataset comprising 3,061 image slices obtained from 94 patients. The 
dataset provides pathology-confirmed ground truth annotations together with patient-
level identifiers, making it suitable for developing, validating, benchmarking, and 
comparing AI algorithms for lung cancer classification, localization, explainable AI, 
and other PET/CT-based computer-aided diagnostic applications. 
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abnormalities difficult to detect, whereas PET 
primarily provides functional information 
with limited anatomical detail [4]. Multimo-
dality imaging techniques, such as PET/CT, 
overcome many of these limitations by simul-
taneously providing anatomical and function-
al information [5]. [18F]-fluorodeoxyglucose 
([18F]-FDG) positron emission tomography/
computed tomography (PET/CT) is widely 
used for assessing malignancies; however, 
even with advanced techniques like PET/CT, 
current diagnostic methods remain susceptible 
to errors. Despite its clinical value, PET/CT 
interpretation remains susceptible to false-
positive findings caused by inflammatory or 
infectious conditions and false-negative find-
ings in low-metabolic or small lesions [6]. 
Moreover, interpretation of large volumes 
of PET/CT images is time-consuming and  
subject to inter- and intra-observer variability.

Recent advances in artificial intelligence 
(AI), particularly deep learning, have signifi-
cantly improved computer-aided diagnosis 
(CAD) in medical imaging by enhancing le-
sion detection, image classification, and radi-
ologists’ diagnostic performance [7-12]. How-
ever, the clinical translation, reproducibility, 
and objective comparison of these approaches 
remain constrained by the limited availabil-
ity of large, high-quality, and publicly acces-
sible PET/CT imaging datasets. Because data 
acquisition and expert annotation are expen-
sive, time-consuming, and subject to ethical 
and privacy constraints, most published stud-
ies rely on private institutional datasets that 
are unavailable to the research community, 
limiting independent validation, reproduc-
ibility, and standardized benchmarking of AI 
algorithms. Publicly available, high-quality 
annotated datasets are therefore essential for 
transparent method comparison, external vali-
dation, and reproducible research, ultimately 
accelerating the translation of AI technologies 
into clinical practice.

To address these challenges, we present 
a publicly available, expert-annotated 2D 

[18F]-FDG PET/CT lung image dataset com-
prising three clinically relevant categories: 
normal, NSCLC, and SCLC. The dataset in-
corporates pathology-confirmed subtype an-
notations, expert-reviewed image labels, and 
patient-level identifiers that facilitate data par-
titioning without leakage for AI studies. This 
dataset can support several research applica-
tions. It provides a benchmark for designing 
and assessing deep learning architectures for 
lung cancer classification from PET/CT image 
data, addressing the field’s reliance on private, 
non-shareable institutional datasets [13]. Ad-
ditionally, the dataset is suited to explainable 
AI methods, such as class activation mapping, 
which localize discriminative image regions 
without requiring manual segmentation [14]. 
The dataset can also facilitate research on gen-
eralizability across patient groups and acquisi-
tion techniques by acting as an external vali-
dation cohort for models trained elsewhere. 
Together, these characteristics provide reliable 
ground truth and make the dataset well suit-
ed for developing, validating, benchmarking, 
and comparing AI algorithms for lung cancer 
classification, explainable AI, and other com-
puter-aided diagnostic applications. We antici-
pate that this dataset will serve as a valuable 
resource for future PET/CT-based lung cancer 
research and promote the development of ro-
bust, reproducible, and clinically translatable 
AI models. In the following sections, we de-
scribe the patient cohort and imaging acqui-
sition protocol, the expert annotation process, 
and the structural organization of the dataset, 
and we discuss its potential applications in  
AI-based lung cancer studies.

Methods
The data were retrospectively collected from 

patients who underwent standard medical 
treatment at Kowsar Hospital in Shiraz, Iran. 
All collected data were anonymized to protect 
patient confidentiality. Participants’ names 
were removed, and their original identifi-
ers were replaced with anonymized codes to  
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ensure the protection of identifiable informa-
tion throughout the study.

Patient selection and image acqui-
sition

This retrospective study included patients 
who underwent [18F]-FDG PET/CT imag-
ing at Kowsar Hospital between June 2019 
and March 2025. A total of 94 patients (3,061 
2D images) were included in the study. Out 
of 3,061 total images, 1,913 images were 
classified as normal with no signs of malig-
nancy, while 612 images were diagnosed as 
NSCLC, and 536 as SCLC. The cohort com-
prised 57 males and 37 females with a mean 
age of 54.13±17.03 years. Figure 1 depicts 
details of data collection and number of cases 
in each class. No fixed patient-to-image ratio 
was imposed during case selection. Instead, 
all thoracic images demonstrating malignancy 
confirmed by pathology were included regard-
less of the number of images per patient. This 
inclusive approach was adopted because PET/
CT imaging data, and lung cancer subtype im-
aging in particular, remain scarce and costly 
to acquire and annotate, and datasets with 

image-level ground truth labels are especially 
rare [15,16]. Consequently, every image con-
taining confirmed pathological evidence was 
considered valuable for inclusion rather than 
being subsampled.

After fasting for 6 hours and waiting ap-
proximately 60–80 minutes following intra-
venous FDG injection, whole-body PET/CT 
images were acquired using a Philips Ingenu-
ity TF 64 PET/CT scanner. Although the entire 
body was scanned, only the thoracic images 
relevant to the study objectives were selected. 
The scanner provided 2D PET/CT image slic-
es with dimensions of 363×657×3. To remove 
unnecessary information, these images were 
cropped to a final size of 245×457×3.

Data Labelling
All image labeling was performed by a 

highly experienced nuclear medicine physi-
cian with over 30 years of clinical experience. 
Furthermore, subtype classification was de-
termined by histopathological diagnosis rath-
er than imaging interpretation alone, which 
minimizes the impact of single-reader sub-
jectivity on the final ground-truth labels. The  

Figure 1: The workflow of patient selection, image acquisition, annotation, and dataset  
organization. The final dataset comprised three classes: normal cases, non-small cell lung  
cancer (NSCLC), and small cell lung cancer (SCLC).
([18F]-FDG: [18F]-fluorodeoxyglucose, PET/CT: Positron Emission Tomography/Computed  
Tomography)
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labelling process consisted of two sequential 
steps. Each [18F]-FDG PET/CT image slice 
was first reviewed and labeled as either lung 
cancer or normal (no evidence of malignancy) 
based on the imaging findings. Image slices 
identified as lung cancer were subsequently 
classified into SCLC or NSCLC according to 
the corresponding histopathological reports 
(Figure 2). 

Histopathological diagnosis was considered 
the reference standard for subtype annota-
tion. Since SCLC and NSCLC often exhibit 
overlapping metabolic and anatomical char-
acteristics on PET/CT images, reliable differ-
entiation based solely on imaging findings is 
challenging. Using diagnoses verified by pa-
thology substantially improves the reliability 
of the dataset labels and provides high-qual-
ity ground truth suitable for the development, 
validation, and benchmarking of supervised 
artificial intelligence algorithms. Whenever 
uncertainty existed regarding image interpre-
tation or subtype assignment, the nuclear med-
icine physician reviewed the patients’ com-
plete clinical records together with the official 
pathological reports before assigning the final 
label. Patients with incomplete pathological 
confirmation or insufficient clinical documen-
tation were excluded to minimize the risk of  
incorrect labelling.

Data Records
The lung cancer PET/CT dataset can be ac-

cessed via a public zenodo repository [17]. 
In this repository, three separate folders exist 

containing the PET/CT images of the three 
classes. A folder named “Normal Cases” con-
tains cases with no signs of lung cancer. Other 
two folders named “Non-Small Cell Lung 
Cancer (NSCLC)” and “Small Cell Lung Can-
cer (SCLC)” respectively contain images of 
patients diagnosed with non-small cell lung 
cancer and small cell lung cancer. The images 
are in TIFF format, and scans belonging to the 
same patient are assigned a unique numerical 
identifier to facilitate proper data splitting and 
prevent data leakage. The numerical identi-
fier preceding the parentheses in each image 
filename represents the patient case ID, while 
the number within the parentheses indicates 
the image slice number associated with that 
patient case. Therefore, images sharing the 
same numerical identifier before the parenthe-
ses belong to the same patient case. The data-
set does not contain any direct identifiers, and 
the assigned identifiers have been modified 
and do not correspond to the original clinical 
IDs to ensure the anonymization of potentially  
identifiable information.

This PET/CT dataset can support a range 
of artificial intelligence applications beyond 
image classification [18], including explain-
able AI approaches (e.g., class activation 
mapping), transfer learning, and methods for 
improving model generalizability across dif-
ferent imaging centers and scanners. We an-
ticipate that this dataset will support the devel-
opment, validation, and objective comparison 
of future PET/CT-based artificial intelligence 
algorithms for lung cancer.

Figure 2: Image slices of positron emission tomography/computed tomography (PET/CT) scans 
for three categories: (a) small cell lung cancer (SCLC), (b) non-small cell lung cancer (NSCLC), 
and (c) normal.
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Technical Validation
Motion artifacts, image misregistration, 

and incomplete PET/CT acquisition are well-
recognized sources of diagnostic error and 
reduced image quality in PET/CT imaging 
[19,20]. Accordingly, images exhibiting these 
issues, as well as cases with insufficient clini-
cal documentation, were excluded from the 
dataset. All labels were assigned by an experi-
enced nuclear medicine physician and verified 
against each patient’s pathological and clini-
cal reports. These quality-control procedures 
were intended to maximize annotation reli-
ability and support the development of high-
quality, trustworthy data for AI research.

Usage Notes
The dataset is publicly available through 

the repository specified in this article. All us-
ers are required to appropriately cite this ar-
ticle and the associated dataset publication in 
any research, publication, or derivative work 
based on this dataset.
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