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Background: Timely detection and intervention for pulmonary nodules play a vital role in decreasing lung cancer-related deaths.
Nevertheless, the precise differentiation between benign and malignant nodules continues to face a major clinical challenge. With
the rapid progress of artificial intelligence (AI), significant improvements have been made in the detection, classification, and clinical
decision-making related to pulmonary nodules. Although scholarly interest in this domain has surged in recent years, there is still
a lack of comprehensive bibliometric studies that systematically map its current landscape and evolution. This study seeks to
explore emerging research trends, highlight thematic focus areas, and analyze patterns of collaboration within the field of AI-
assisted pulmonary nodule research over the past 20 years.
Methods: A literature search was conducted in the Web of Science Core Collection to collect relevant studies published from
2005 to 2024 concerning the application of AI in pulmonary nodules. Bibliometric analysis was carried out using tools such as
CiteSpace, VOSviewer, and the Online Analysis Platform of Literature Metrology to examine contributions from countries,
institutions, authors, journals, keywords, and references.
Results: A total of 1657 relevant publications were retrieved, reflecting a consistent upward trend in research output over the past
two decades, with a marked acceleration observed after 2014. The leading contributors in terms of publication volume were China,
the United States, and India. Shanghai Jiao Tong University stood out as the most prolific research institution. Analysis of keyword
co-occurrence revealed several prominent thematic clusters, notably centered around Deep Convolutional Neural Network
models, major diameter, lung nodule detection, false-positive reduction, cancer diagnosis, quantitative-semantic models, double
reading, and clinical utility studies.
Conclusions: This bibliometric study offers a thorough assessment of the scholarly landscape concerning AI applications in
pulmonary nodule research, underscoring major developments and key contributors. The insights gained may serve as a strategic
reference for researchers in the medical and AI fields, facilitating informed future directions. Notably, the intersection of AI and
pulmonary nodule research is concentrated in the following areas: (1) Application of AI in pulmonary nodule detection and
classification; (2) AI in malignancy risk prediction and growth modeling; (3) AI-driven development of drug efficacy evaluation
metrics may be a future direction for pulmonary nodule treatment research.
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Introduction

Lung cancer has been the most common cancer for several dec-
ades, where there were about 2.2 million new cases and

1.8 million new deaths in 2020[1]. The survival rate of lung cancer
decreased with the increase of stage, the 5-year survival rate of
stage I lung cancer was 92%, but that of stage IV was only
38%[2]. Early-stage lung cancer screening is of great significance
to reduce lung cancer mortality; the US National Lung Screening
Clinical Trials showed a 20% reduction in lung cancer mortality
with lung cancer screening[3]. Pulmonary nodule, as one of the
common lesions in the lung, refers to small (<3 cm), focal, distinct
radiographic densities surrounded by lung tissue[4], which is one
of the most important imaging findings of early-stage lung cancer.
Studies have shown that the probability of malignancy increased
with the diameter of the pulmonary nodule[5]. If the diameter of
the pulmonary nodule was between 10 and 20 mm, the
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probability of malignancy was 33%–64%; while if the diameter
of the pulmonary nodule was greater than 20mm, the probability
of malignancy was from 64% to 82%[5]. Nowadays, surgery and
computerized tomography (CT)-based follow-up are the main
intervention methods of pulmonary nodule[6]. Although some
typical benign or malignant pulmonary nodules could be judged
bymanual reading, a considerable proportion of lesions could not
be detected, diagnosed, and identified. Besides, due to the doctors’
visual fatigue, personal experience, and the level of care difference
caused by economic differences, there is still quite a variation in
the current clinical judgment of benign and malignant pulmonary
nodules. Luckily, current studies have shown that AI could solve
these problems and even outperform human judgment in some
cases, which could assist clinicians in making final decisions[7].

Surgery is the main treatment for early-stage lung cancer and
high-risk pulmonary nodule. However, surgery is an invasive
treatment, which would not only lead to fatigue, shortness of
breath, pain, and other symptoms[8,9], but also potentially
increase the risk of complications to some extent, such as
decreased lung function, cardiovascular complications, pulmon-
ary embolism, acute lung injury, and respiratory failure[10,11].
This is also one of the main reasons why many patients with
pulmonary nodules hesitate to undergo surgery. If benign pul-
monary nodule is misdiagnosed as early-stage lung cancer and
undergoes surgery, this situation might unnecessarily increase
the patient’s symptom burden and reduce their quality of life.
While if lung cancer is misjudged as benign pulmonary nodules,
long-term follow-up or neglect might cause lesion progression,
delay the optimal treatment period, and reduce survival[12].
These common clinical situations justify the need to improve
the detection rate of pulmonary nodules and the accurate diag-
nosis rate of lung cancer, to help patients make correct clinical
decision-making; AI may be a promising auxiliary tool[13].

AI is a system that mimics human intelligence, which is
characterized by the ability to perceive, reason, find meaning,
generalize, learn from experience, solve problems, and make
decisions[14]. CT imaging is one of the most important detection
methods for pulmonary nodules. In recent years, the application
of AI in pulmonary nodules has excelled in many aspects, such as
identification, diagnosis, surgical planning, and follow-up[15–18].
AI is centered on developing algorithms to perform complex tasks
in the clinical setting of radiology, to aid in the interpretation of
image data quickly and effectively. In addition, AI could over-
come the limitations of conventional imaging that relies on visual
judgment, which could transform images into massive data fea-
tures that could be mined, to characterize the heterogeneity and
micro-environment objectively and quantitatively within tumors.
Studies have shown that the capabilities of AI were comparable to
experts or in some cases exceeded the performance of experts[19];

for example, AI could help clinicians reduce the misdiagnosis rate
of pulmonary nodules effectively[20]. Moreover, AI could improve
the accuracy of clinical decision-making by learning frommassive
data. The research field of AI in pulmonary nodules includes the
combination of medicine and engineering, which would not only
provide help for the development of interdisciplinary research and
the advances in medicine, but also help clinicians to make more
objective and accurate medical decisions[21]. Currently, numerous
AI software tools have been applied to assist in clinical decision-
making for pulmonary nodules and have achieved promising
results. These tools typically integrate advanced AI algorithms
to support detection, diagnosis, treatment planning, and monitor,

such as Lung-RADS Assistant, LUNA16 Dataset Tools, and
Arterys Lung AI[22–24]. However, the Fleischner guideline indi-
cated that current AI-assisted CT still has the disadvantage of
showing a high false-positive rate in the detection of pulmonary
nodules[25]. Additionally, the integration of multimodal data (e.g.
genomics and pathology) with AI still faces challenges, including
limitations in existing methodologies (e.g. handling high-dimen-
sional yet sparse genomic data) and a lack of interpretability[26].
The black box problem of deep learning algorithms has also
become one of the challenges for AI[27]. In this context, although
AI has shown great advantages and potential in the field of
pulmonary nodules, there are still many problems at the intersec-
tion of medicine and engineering to be further solved as this field
evolves.

Bibliometrics, based on mathematics and statistics, is one way
to analyze massive heterogeneous literature. So far, despite the
increasing number of publications on AI in pulmonary nodules,
there is a lack of a systematic and comprehensive bibliometric
analysis that not only outlines the evolution of research trends
but also identifies the specific challenges, knowledge gaps, and
potential solutions in this interdisciplinary field. In this study,
we collected relevant publications on AI in pulmonary nodules
from the Web of Science Core Collection (WoSCC) database,
and determined the countries, institutions, authors, and jour-
nals, to provide information for researchers to select coopera-
tion partners. Besides, this study aims to address the following
key issues: (1) What are the core technological and clinical
challenges that remain unresolved in AI-assisted pulmonary
nodule research? (2) Which thematic areas are emerging as
frontiers and have the potential to drive breakthroughs? (3)
How can the mapping of global research efforts provide strate-
gic guidance for clinicians, engineers, and decision-makers? By
answering these questions, this study seeks to offer not only an
overview of the current research landscape but also practical
guidance to facilitate collaboration between medicine and arti-
ficial intelligence, promoting more efficient clinical translation
and future development. The work has been reported in line
with the TITAN criteria[28].

Methods

Data sources

The WoSCC was selected as the primary data source for this
bibliometric analysis for the following reasons. First, WoSCC is
widely regarded as one of the most authoritative, comprehen-
sive, and internationally recognized academic databases.
Second, it offers detailed bibliographic records that are fully

HIGHLIGHTS

● First bibliometric analysis focused on artificial intelligence
applications in pulmonary nodules.

● Reveals key trends and emerging hotspots using advanced
bibliometric methods.

● Publications have grown steadily from 2005 to 2024,
accelerating after 2014.

● Keyword analysis highlights core themes such as deep
learning models, nodule size, detection accuracy, cancer
diagnosis, and clinical relevance.
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compatible, which facilitates the subsequent analysis of knowl-
edge maps. Third, it is considered that AI in pulmonary nodule
research involves a multidisciplinary field[29,30]. Therefore,
WoSCC, which encompasses both SCIE and SSCI, was deter-
mined to be the most suitable and reliable source for data
retrieval in the present study. Fourth, the selection of WoSCC
is consistent with methodological precedents established in pre-
vious bibliometric studies, particularly those conducted by
Chaomei Chen, the developer of CiteSpace[31–33].

Search strategies

Medical Subject Headings (MeSH) are widely used as a controlled
vocabulary for indexing and searching biomedical literature in
PubMed, and to ensure a comprehensive search, we employed
MeSH[34]. Additionally, Entry Terms, which refer to synonymous
or closely related terms associated with MeSH terms[35], were also
utilized to construct search formulas. The final search strategy used
in WoSCC was as follows: TS = (artificial intelligence OR AI OR
deep learning ORmachine learning OR computational intelligence
OR Convolutional Neural Network OR CNN OR radiomics)
AND TS = (lung nodule OR pulmonary nodule OR chest nodule).
Besides, no language filter was applied during the initial search, but
only English-language articles were retained during screening.

As illustrated in Figure 1, articles were retrieved using the
topic search (Topics, TS) function inWoSCC. This study encom-
passes the majority of publications on AI for pulmonary nodule
available in this database to date, including English articles
published from January 1, 2005 to September 15, 2024. After
the initial search, a total of 2201 publications were retrieved.

Data extraction, cleansing, and standardization

For bibliometric analysis, records were exported as Plain Text
Files, including information on authors, titles, sources, citations,
and abstracts. The process of data selection strictly adhered to
the PRISMA guidelines[36]. Prior to analysis, data cleaning was
conducted to improve consistency and reduce bias. Variants of
author names and institutional names (e.g. “Harvard Univ” vs
“Harvard University”) were manually standardized. Countries
with different naming conventions (e.g. “USA” vs “United
States”) were unified. Duplicate records (based on title and
DOI) were removed using EndNote and manually verified. To
ensure methodological reliability and minimize subjective bias,
two researchers independently performed the literature screen-
ing, keyword clustering, and thematic analysis. Any disagree-
ments were resolved through discussion or by consulting a third
reviewer. Additionally, a random sample of 50 records was

Figure 1. Frame flowchart for the detailed selection criteria and bibliometric analysis step in the WoSCC database.
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manually reviewed to verify the accuracy of automated cluster
classification and citation mapping.

Document types are articles and review articles. Eligible pub-
lications met these criteria: (1) Published between January 1,
2005 and September 15, 2024; (2) written in English; (3) classi-
fied as articles or reviews. Exclusions included meeting
abstracts, letters, editorials, proceedings, corrections, news
items, and unpublished documents lacking sufficient detail.
After the initial search, a total of 1657 publications were
retrieved.

Bibliometric tools and visualization analysis

After screening all eligible publications, data were analyzed and
visualized using CiteSpace, VOSviewer, and the Online Analysis
Platform of Literature Metrology. The characteristics of all
identified papers were thoroughly recorded. The impact factor
(IF), a key metric for assessing academic influence, was obtained
from the Journal Citation Reports (JCR). The H-index, sourced
from the WoSCC, reflects the number of publications with at
least h citations. The Online Analysis Platform of Literature
Metrology was used to analyze publication volumes and growth
trends. CiteSpace (version 6.1.R6) facilitated citation analysis,
co-citation analysis, co-authorship networks, citation bursts,
journal dual-map overlays, and keyword timeline clusters, with
most results visualized as interconnected nodes and links.
VOSviewer (version 1.6.18) was primarily employed for refer-
ence cluster analysis. Different nodes represent different ele-
ments, and the differences in clustering are indicated by
different colors in the maps.

Parameter setting

CiteSpace settings were configured as follows: (1) Time slicing:
2005–2024, 1-year per slice; (2) Node types: Country,
Institution, Author, Journal, Keyword, Reference; (3) Pruning:
Pathfinder or Minimum Spanning Tree; (4) Clustering algo-
rithm: Log-likelihood ratio. In VOSviewer, a minimum occur-
rence threshold of five was applied for keyword co-occurrence

mapping, and the layout was optimized using the LinLog/mod-
ularity-based clustering algorithm.

Ethics

Given that the data originated from the publicly accessible
WoSCC database, obtaining ethical approval from an institu-
tional review board was deemed unnecessary.

Results

Publishing trend analysis

A total of 1657 publications were identified. These comprised
1478 original articles (89.2%) and 179 reviews (10.8%) (Fig. 1).
Collectively, these articles received 34 344 citations, with an
average of 21 citations per article, and an H-index of 81. As
shown in Figure 2, research on AI-based pulmonary nodules has
grown significantly over the past two decades. Before 2014,
annual publication numbers increased gradually, with no nota-
ble trends. However, from 2015 to 2021, the field experienced
a rapid surge in publications. Besides, Figure 2 also illustrates
publication trends among the top 10 contributing countries/
regions. China ranked first with a rapid growth trajectory, fol-
lowed by the United States, which maintained steady output.
India also showed a noticeable increase in publication numbers.

Publications and collaborative networks of countries/
regions, institutions, authors, and journals

We examined the quantity of publications and collaborative
networks of countries, regions, institutions, and authors
involved in AI and pulmonary nodule research. The larger the
node in the graph, the greater the number of publications. The
purple outer circle denoted a centrality value higher than 0.1 for
the intermediary. Moreover, a larger centrality value indicated
increased collaboration between the node and other nodes.
Detailed information could be referred to Figures 3–6.

Figure 2. Distribution of annual year and growth trends of the top 10 countries/regions.
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Analysis of national publications and collaborations

The study analyzed the publication count (Fig. 3A), mediator
centrality (Fig. 3B), and collaborative networks (Fig. 3C) of
research on AI-based pulmonary nodules in various countries/
regions. As shown in Figure 3A, China led with the highest
number of publications (719), followed by the USA (358) and
India (143). The rest of the countries/regions had less than 100
publications. Besides, as shown in Figure 3C, in terms of
centrality – an indicator of influence in the collaborative net-
work – the Netherlands (1.08), Scotland (0.84), and Austria
(0.81) ranked highest.

Countries such as the Netherlands, Scotland, and Austria,
despite not having the highest number of publications, demon-
strated strong intermediary roles within the international colla-
boration network. For instance, the Netherlands served as
a major bridge, connecting various research hubs worldwide.

Similarly, Scotland and Austria also acted as vital nodes linking
multiple institutions across continents, suggesting that these
countries facilitate knowledge exchange and multinational col-
laborations. In contrast, China, although leading in quantity,
showed relatively lower centrality values, indicating more intra-
national rather than inter-national collaborations. Specific
country information about publication quantity could be
found in Supplemental Digital Content 1 Table S1, available
at: http://links.lww.com/JS9/E678.

Analysis of institutional publications and
collaborations

Figure 4A displays publications from institutions, while
Figure 4B demonstrates the significance of institutions acting
as intermediaries. Figure 4C illustrates a network diagram

Figure 3. Each country/region’s contribution to the research of AI-based pulmonary nodule. (A) Number of publications by country. (B) Intermediary centrality of
countries. (C) collaborative networks of countries.
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depicting collaboration between institutions. As shown in
Figure 4A, Shanghai Jiao Tong University led with the highest
number of publications (60), followed by Fudan University (58),
and the Chinese Academy of Sciences (32). Stanford University
(0.44), Ecole Polytechnique Fédérale de Lausanne (0.35), and
Dianei Technol (0.32) exhibited the highest centrality (Fig. 4B).
The institutional collaboration network (Fig. 4C) revealed
a relatively dense structure, with several institutional clusters
primarily formed around institutions with high centrality.
Notably, Shanghai Jiao Tong University and Fudan University,
which led in publication counts, also formed dense collaborative
clusters with nearby or affiliated research centers. However,
high-centrality institutions such as Stanford University and
EPFL (École Polytechnique Fédérale de Lausanne) played a key
intermediary role by bridging geographically distant research
groups, suggesting that they contribute to more globalized
knowledge diffusion in this field. Specific information regarding
the quantity of published works and the significance of institu-
tions could be found in Supplemental Digital Content 1 Table
S2, available at: http://links.lww.com/JS9/E678.

Analysis of authors and co-cited authors

Publications from authors and the collaboration network
between the authors were shown in Figure 5A. Figure 5B illus-
trates the collaborative network of authors, while Figure 5C
illustrates the collaborative networks of co-cited author. As
shown in Figure 5A, the most prolific contributors were
Gillies, R.J. (17 publications), Li, M. (13 publications), and Li,
W.M. (13 publications). In the co-citation analysis (Fig. 5B), the
most frequently co-cited authors were Armato, S.G. (450 cita-
tions), Aberle, D.R. (367 citations), Setio, A.A.A. (339 cita-
tions), and Macmahon, H. (223 citations). Notably, Gillies,
R.J., a professor at Moffitt Cancer Center, appeared in the list
of co-authorship and co-citation authors, underscoring his sig-
nificant influence in this area of study. While there was colla-
boration among multiple authors with a significant number of
publications, the level of cohesion of the collaboration may not
be high (Fig. 5B and C). Figure 5B shows that although some
author clusters were formed (e.g. Gillies, R.J. and collaborators),
overall author collaboration appeared relatively fragmented,

Figure 4. Each institution’s contribution to the research of AI-based pulmonary nodule. (A) Number of publications by institution. (B) Intermediary centrality of
institutions. (C) collaborative networks of institutions.
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with several small groups working in isolation. Figure 5C
further highlights key co-cited authors such as Armato,
S.G. and Setio, A.A.A., who, while not always the most prolific,
were frequently referenced together, indicating their founda-
tional role in establishing methodological frameworks in AI-
based pulmonary nodule detection. The sparse connections
between groups imply a need for enhanced international and
interdisciplinary author collaboration to advance the field more
cohesively. Table 1 provides detailed information on these influ-
ential authors.

Analysis of journal publications and collaborations

As shown in Figure 6A, journals such as Radiology, European
Radiology, and American Journal of Roentgenology showed
high co-citation frequencies and betweenness centrality, indicat-
ing their central position in the network. Computational jour-
nals like IEEE Transactions onMedical Imaging, Medical Image
Analysis, and Computers in Biology and Medicine also rank

prominently, underscoring the field’s interdisciplinary nature.
Notable clusters include journals on thoracic oncology (Lung
Cancer, Chest, Thorax) and broader scientific outlets (PLOS
One, Scientific Reports), indicating both clinical focus and
cross-disciplinary interest.

Figure 6B shows the dual-map overlay of journals related to
AI in pulmonary nodule research. The left side represents citing
journals, and the right side shows cited journals, with colored
lines indicating citation paths across disciplines. Two main cita-
tion trajectories are evident. One path links journals in medicine
and clinical research to those in molecular biology and genetics,
suggesting that clinical studies draw on biological foundations.
Another path connects computer science and mathematics jour-
nals with computational and biomedical fields, reflecting the
methodological contribution of AI. The presence of multiple
interconnecting paths underscores the multidisciplinary nature
of AI applications in pulmonary nodule research, involving col-
laboration among computer science, bioinformatics, clinical
medicine, and radiology. This cross-disciplinary citation struc-
ture indicates that advances in this field are driven by the

Figure 5. Each author’s contribution to the research of AI-based pulmonary nodule. (A) Number of publications by author. (B) Collaborative networks of authors.
(C) Collaborative networks of co-cited authors.
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Figure 6. Each journal’s contribution to the research of AI-based pulmonary nodule. (A) Collaborative networks of journal. (B) A journal dual-map overlap. Citing
journals are on the left, cited journals are on the right. Colored lines represent citation associations.
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integration of algorithmic innovation with biomedical applica-
tion scenarios. Table 2 lists the top 10 co-citation journals
ranked by the number of publications and their 2023 IF, most
of which are Q1 journals according to the JCR.

Analysis of keywords occurrence and cluster

Keywords encapsulated the core themes of research articles and
provided insights into emerging trends and evolving priorities in
the field. Table 3 presents the top 20 most frequent keywords
and the keywords with the highest centrality. Besides, as shown
in Figure 7, we conducted a cluster analysis, which provided
a timeline visualization of keyword evolution, offering insights
into how research priorities have shifted over time. The specific
keyword labels included Deep Convolution Neural Network
(DCNN) model, major diameter, delta feature, false-positive
reduction, slab thickness, manual measurement, AI-detected dis-
crepancies, double reading, CT network, quantitative-semantic
model, clinical utility studies, lung nodule detection, thoracic
diseases, false positive, cancer diagnosis, pulmonary nodule, and
unlabeled sample. This timeline integrated temporal data with
keyword clusters, making it possible to trace the field’s develop-
mental trajectory. The size and position of nodes on the timeline
indicated the prominence and initial appearance of keywords,
while solid lines represented the duration of research focus on
specific topics. These clusters reflected the primary research
directions in the field. Among them, DCNN refers to deep con-
volutional neural networks, which have become a research hot-
spot in recent years for the automatic identification of
pulmonary nodule. The quantitative-semantic model represents

studies focused on the extraction of quantitative imaging fea-
tures of pulmonary nodules. Major diameter and delta feature
demonstrate the application of AI systems in assessing the malig-
nancy potential of nodules using feature parameters. Moreover,
the false positive rate remains a key area of ongoing concern.
Detailed information about these clusters was presented in
Supplemental Digital Content 1 Table S3, available at: http://
links.lww.com/JS9/E678.

Research hot spots and trend analysis

Analysis of highly co-cited references

We employed VOSviewer to plot the co-cited references, reveal-
ing that a total of 38 659 references had been cited. When setting
the minimum citation time to 30, the resulting number of docu-
ments in the analysis was reduced to 206. Figure 8A displays the
final relationship graph. The highly co-cited references in the
network graph could be categorized into four clusters, each
represented by a different color: red, green, blue, and yellow.
The red cluster mainly focused on the development of AI algo-
rithms and model architectures, including foundational work on
convolutional neural networks (CNNs) and U-Net architec-
tures. The green cluster centered on clinical trials and screening
outcomes, particularly low-dose CT (LDCT) screening and early
detection of lung cancer. The blue cluster highlighted radiomics
and quantitative imaging biomarkers, which are critical for AI-
based feature extraction and prognosis prediction. The yellow
cluster included studies on false-positive reduction and detection
sensitivity, emphasizing the clinical utility and limitations of

Table 1
Top 10 co-authorship and co-citation authors contributing to publications in the research of AI in pulmonary nodules

Rank Author Country Count Co-cited author Country Count

1 Gillies, R.J. USA 17 Armato, S.G. USA 450
2 Li, M. China 13 Aberle, D.R. USA 367
3 Li, W.M. China 13 Setio, A.A.A. Germany 339
4 Fan, Li. China 12 Macmahon, H. Ireland 223
5 Schabath, M.B. USA 11 Lambin, P. Netherlands 215
6 Vliegenthart, R. Netherlands 10 He, K.M. China 214
7 Balagurunathan, Y. USA 10 Siegel, R.L. USA 209
8 Goo, J.M. South Korea 9 Gillies, R.J. Australia 202
9 Qian, Wei. China 8 Aerts, H.J.W.L. USA 196
10 Shan, Fei. China 8 Jemal, A. USA 195

Table 2
Top 10 co-citation journals contributing to publications in the research of AI-based pulmonary nodule

Ranking Co-cited Journal Counts Centrality IF (2023)# JCR

1st Radiology 1006 0 12.1 Q1
2nd Medical Physics 781 1.06 3.2 Q1
3rd European Radiology 729 0 4.7 Q1
4th Scientific Reports 649 0.04 3.8 Q1
5th IEEE Transactions on Medical Imaging 639 0 8.9 Q1
6th New England Journal of Medicine 590 0 96.3 Q1
7th Medical Image Analysis 586 0 10.7 Q1
8th CA-A Cancer Journal For Clinicians 559 0.09 521.6 Q1
9th Plos One 551 0.01 2.9 Q1
10th Lecture Notes in Artificial Intelligence 508 0.11 – –
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automated systems. The highly co-cited references were included
in Supplemental Digital Content 1 Table S4, available at: http://
links.lww.com/JS9/E678.

Analysis of highly cited references

The top 10 most-cited references on AI-based pulmonary nodule
research are listed in Supplemental Digital Content 1 Table S4,
available at: http://links.lww.com/JS9/E678. All references collec-
tively received 5694 citations, accounting for 16.2% of total
citations. The most-cited reference was “End-to-end lung cancer
screening with three-dimensional deep learning on low-dose chest
computed tomography” by Tse D. et al, published in Nature
Medicine (IF = 82.9) in 2019[18]. This study garnered 750 total
citations, averaging 150 citations annually, which highlights its
influence. Meanwhile, “UNet++: Redesigning Skip Connections
to Exploit Multiscale Features in Image Segmentation” by Liang
JM et al, published in IEEE Transactions on Medical Imaging in
2020, had the highest annual citation average (169.75), under-
scoring its significance[37].

Analysis of cited literature bursts

Citation burst reflects a large change in the citation frequency of
a cited document in each period. A red line indicates the citation
burst detection. This line shows the start year, end year, and the
duration of each burst, reflecting periods of significant impact in
the field. Figure 8B presents the top 25 references with the
strongest citation bursts. The highest burst value (28.06) was
achieved by Sung H, 2021, CA: A Cancer Journal for Clinicians,
which peaked between 2022 and 2024[1]. Notably, the citation
bursts for three publications remain ongoing – “Radiomics for

lung adenocarcinoma manifesting as pure ground-glass nodules:
invasive prediction,” “Reduced Lung-Cancer Mortality with
Volume CT Screening in a Randomized Trial” and “Global
Cancer Statistics 2020: GLOBOCAN Estimates of Incidence and
Mortality Worldwide for 36 Cancers in 185 Countries”[1,38,39].
These bursts suggest sustained interest in early diagnosis, screen-
ing effectiveness, and the global epidemiology of lung cancer,
reinforcing the interdisciplinary relevance of AI in public health
and clinical research.

Discussion

The development of AI has led to rapid advancements in pul-
monary nodule research, with numerous significant achieve-
ments in the past 20 years. However, the rapid increase in
publications within this field presents a challenge for scientists
aiming to identify and track emerging trends and research fron-
tiers. Bibliometric analysis serves as a valuable tool to synthesize
and summarize the current research landscape, aiding in the
identification of key areas of focus and frontiers. In this study,
we analyzed 1657 publications on AI-based pulmonary nodules
from 2005 to 2024, retrieved from the WoSCC database. The
analysis reveals steady growth in the field over the past two
decades, with a notable surge in publications after 2014
(Fig. 2). This growth may be closely related to factors such as
the increased focus on lung cancer screening, the development of
AI, and the growing attention to interdisciplinary research.
Previous bibliometric studies have systematically examined
research on pulmonary nodules, initially identifying a close asso-
ciation between pulmonary nodules and AI[40]. However, no
study has conducted an in-depth and systematically analysis of
the emerging hotspots and trends in AI-related pulmonary
nodule research. Moreover, with the growing interest in AI,
the number of studies in this field has increased rapidly over
the past years. Therefore, to the best of our knowledge, this is the
first bibliometric analysis specifically focusing on AI in pulmon-
ary nodules in recent years. Our findings highlight the trends and
research hotspots within the field, which are further discussed in
detail below.

Analysis of countries/regions and institutions

China and the United States collectively account for over 50% of
global publications on AI in pulmonary nodules, underscoring
their significant contributions to the field (Fig. 3A). China leads
in publication volume, while the United States ranks second.
However, the United States outperforms China in terms of
H-index and total citations. This phenomenon suggests that
while China leads in research output, the United States excels
in research quality and impact, revealing its position as a global
leader in this field. As is known to us, developed countries,
particularly the United States, benefit from advanced technol-
ogy, well-funded research environments, skilled professionals,
and strong international collaboration, all of which drive aca-
demic productivity. Notably, some developing countries, such as
China, India, and Pakistan, have also demonstrated significant
academic influence, as shown in Figure 3.

The advancement of AI technology depends heavily on access
to large datasets for training. China has seen a significant
increase in publications since 2018, whereas the growth in the
number of publications from the United States has remained

Table 3
Top 20 keywords contributing to publications in the research of
AI-based pulmonary nodules

Ranking Keywords Count Keywords Centrality

1 lung cancer 425 computer-aided
diagnosis

1.28

2 cancer 253 lung nodule 1.11
3 machine learning 114 computed tomography 0.83
4 model 76 segmentation 0.81
5 validation 75 clustered microcalcification 0.80
6 solitary pulmonary

nodule
45 MR 0.80

7 feature extraction 44 chest 0.66
8 malignancy 38 pulmonary nodule 0.51
9 mortality 38 prediction 0.50
10 risk 37 soft computing 0.48
11 signature 36 automatic detection 0.47
12 network 34 detection system 0.44
13 artificial intelligence 32 evolution 0.38
14 ground glass nodule 30 disease 0.37
15 lung neoplasm 27 diagnosis 0.34
16 chest radiography 25 texture analysis 0.33
17 lesion 21 database consortium 0.31
18 benign 19 performance 0.31
19 tumor heterogeneity 18 tumor motion 0.28
20 feature selection 16 computer-aided

detection
0.25
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relatively steady (Fig. 2). This phenomenon is particularly intri-
guing and warrants further in-depth discussion. China’s large
population serves as a significant data resource for AI develop-
ment. National policy support bolsters China’s leadership in this
research field, including initiatives like the “Three-Year Plan for
AI”[41]. Similarly, India’s position as the third-largest contribu-
tor to AI-based pulmonary nodule research is driven by its large
population and growing focus on AI. The achievements made by
China and India demonstrate the crucial role of supportive
policies in driving AI innovation. It is noteworthy that discussing
the development trajectory of the United States also provides
valuable insights into the application of AI in the field of pul-
monary nodules. The United States has a longer history in AI
development, dating back to John McCarthy’s introduction of
the concept at the 1956 Dartmouth Conference, which initially
sparked widespread research interest. However, the United
States experienced setbacks during the 1970s and 1980s when
funding cuts slowed progress, leading to a so-called “AI
winter”[42]. This phase lasted until technological advancements
reignited interest in 2006. This also demonstrates from another
perspective that achieving continuous progress in AI-based pul-
monary nodule research requires that the relentless efforts of
researchers be combined with sustained government support.
Besides, among the top 10 institutions in publication volume
(Fig. 4A), seven are from China and two from the United States,

further demonstrating the dominance of these two nations in
this field.

Beyond publication volume and citation metrics, the diver-
gent trajectories of China and the United States in AI-based
pulmonary nodule research can also be interpreted through the
lens of their underlying AI ecosystem maturity and data govern-
ance structures. While China benefits from a vast population
and government-endorsed datasets, challenges in data standar-
dization, hospital interconnectivity, and ethical review systems
create barriers to large-scale, multi-centered AI validation.
Conversely, the U.S. leverages its strong data governance frame-
works and institutionalized open science practices, such as
National Institutes of Health (NIH)-funded TCIA and NLST
datasets, which facilitate reproducibility and international col-
laborations – critical elements in high-impact research[43,44].

Furthermore, the “application-driven” model of China,
focusing on rapid deployment of AI-assisted diagnostic tools,
contrasts with the “innovation-driven” approach of the U.S.,
which prioritizes foundational algorithm development and
interdisciplinary model robustness. This reflects not only policy
direction but also the stage of ecosystem development, where the
U.S. possesses a more mature innovation pipeline, from research
to commercialization.

From a global network perspective, the Netherlands,
Scotland, and Austria have played a central role in international

Figure 7. Timeline view of keyword clusters. Labels on the right represent the clusters, a node represents a keyword. Nodes with red tree rings refer to keywords
with citation bursts.
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Figure 8. Each reference’s contribution to the research of AI-based pulmonary nodule. (A) Cluster mapping of highly co-cited literature. (B) Top 25 references
with the strongest citation bursts. Red line refers to citation bursts detection, which indicated the start year, end year, and duration of the bursts.
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scientific collaborative networks, acting as a bridging node
between multiple countries. In contrast, China’s research efforts
remain largely domestically concentrated, limiting international
co-authorship visibility and cross-cultural model generalization.
This suggests that future advances may depend not only on
research capacity but also on how countries position themselves
within global AI knowledge networks.

Authors and co-cited authors

Identifying influential researchers provides valuable direction
and guidance for the advancement of AI-based pulmonary
nodule research. In this field, Gillies R.J. from the Moffitt
Cancer Center has the highest number of publications in co-
authorship analysis, while Armato S.G. from the University of
Chicago has the most co-citations. Notably, Gillies R.J. also
ranks among the top 10 co-cited authors, underscoring his sig-
nificant academic influence. As an exceptional interdisciplinary
scientist often referred to as the “father of radiomics,” Gillies
has made substantial contributions to clinical trials, image ana-
lytics, AI, and molecular & cellular studies. His pioneering work
in radiomics has greatly enhanced clinical decision-making, par-
ticularly in lung cancer screening and diagnosis[21,45].

Armato S.G., another prominent figure among the top 10 co-
cited authors, has led landmark interdisciplinary and multicen-
ter image-based projects. His research primarily focuses on
computerized detection and evaluation of pulmonary nodules
in thoracic CT scans, establishing him as a key contributor to the
field[46,47]. This dual recognition of both Gillies and Armato not
only reflects their outstanding academic output but also indi-
cates their central positions in global scientific collaborative
networks. These researchers often serve as intellectual hubs
within the AI-medical imaging community, facilitating the stan-
dardization of methodologies and the diffusion of innovative
ideas across institutions and borders. Their frequent involve-
ment in international initiatives and guideline development pro-
cesses further strengthens their leadership roles. The sustained
academic impact of these scholars is also a product of the robust
research environments in which they work. The United States,
where both are based, has long maintained a supportive infra-
structure for interdisciplinary research, with funding bodies such
as the NIH and the National Cancer Institute actively promoting
the convergence of medical imaging, artificial intelligence, and
oncology. These agencies encourage the integration of domain-
specific knowledge, fostering an environment where researchers
from radiology, computer science, bioinformatics, and clinical
medicine collaborate effectively. This convergence science
approach is particularly essential in AI-based pulmonary nodule
research, where translational success depends on the ability to
bridge technical innovation and clinical relevance.

Despite the progress made, collaboration between countries
remains limited. Economic disparities, inconsistent data govern-
ance policies, and variable research priorities continue to con-
strain meaningful international cooperation. High-income
countries with advanced computational infrastructure and sus-
tained public investment dominate the academic landscape, while
low- and middle-income countries often face challenges in acces-
sing the necessary technological, human, and financial resources.
Bridging this gap will require not only enhanced global coopera-
tion initiatives but also a shift toward equitable access to data
platforms, algorithmic tools, and educational resources.

Lastly, the future of AI-based pulmonary nodule research
hinges on cultivating a new generation of interdisciplinary scien-
tists. These individuals must possess not only technical expertise
in artificial intelligence but also a deep understanding of clinical
contexts and imaging biology. Governments and academic insti-
tutions should prioritize interdisciplinary education and create
incentive structures that reward collaboration across tradition-
ally siloed domains. Such efforts will be key to accelerating
innovation and ensuring that AI technologies effectively trans-
late into improved diagnostic accuracy and patient care
worldwide[48].

Visual analysis of journals and co-cited journals

Academic journals play a central role in the dissemination of
scientific knowledge and scholarly communication. Analyzing
the most influential journals in the field of AI-based pulmonary
nodule research helps researchers identify high-impact sources,
select appropriate outlets for publication, and stay abreast of
frontier trends. This study found that Radiology stands out as
the most influential journal, evidenced by its high co-citation
frequency and IF. Meanwhile, Academic Radiology ranks high-
est in terms of betweenness centrality, suggesting its pivotal role
as a hub that connects diverse research communities.

Further analysis revealed that 9 out of the top 10 co-cited
journals (90%) belong to the Q1 category in the JCR, under-
scoring the dominant position of high-quality journals in shap-
ing this research field. It is worth noting that most of these
journals are published by leading academic publishers in
Western countries, reflecting a “core–periphery” structure in the
global academic publishing system. The dominance of these jour-
nals is closely linked to systematic advantages in scientific fund-
ing, peer-review mechanisms, editorial board composition, and
the long-standing accumulation of academic reputation in devel-
oped countries.

From the perspective of knowledge dissemination, high-
impact journals such as Radiology serve not only as platforms
for publishing research findings, but also as intellectual hubs
that facilitate interdisciplinary collaboration and innovation.
By publishing high-level reviews, consensus guidelines, and mul-
ticenter research, these journals influence research direction-set-
ting and even indirectly shape funding priorities. Their influence
is supported by a comprehensive set of mechanisms, including
rigorous editorial practices, strategic positioning, open access
policies, and global collaboration networks.

Moreover, national research evaluation systems significantly
influence journal selection. In many countries, career advance-
ment and funding success are closely tied to publications in high-
impact journals, which motivates scholars to prioritize submis-
sion to Q1 international journals. In China, for instance, the
increasing emphasis on high-quality publications in national
funding programs – such as the National Natural Science
Foundation of China – has driven a steady rise in the number
of Chinese scholars publishing in core international journals. In
addition, the trends of open science and sustainable publishing
are also reshaping the academic landscape. Many top journals
have adopted open access models, enhanced the visibility and
accessibility of research outputs while offered more equitable
access to scientific knowledge for scholars in low- and middle-
income countries[48,49]. This shift holds promise for fostering
a more inclusive and collaborative global research environment.
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In summary, influential journals in AI-based pulmonary
nodule research not only serve as key vehicles for knowledge
dissemination, but also exert profound influence over the struc-
ture and evolution of the scholarly communication ecosystem.
Therefore, researchers should not only consider citation metrics
but also be aware of the institutional, systemic, and global factors
that shape academic influence, in order to strategically align their
research output with the evolving dynamics of the field.

Research hotspots and frontiers

Hot spot 1: application of AI in pulmonary nodule detection

Keyword and reference analysis are powerful tools for identify-
ing research hotspots and understanding the trajectory of aca-
demic fields. In our analysis using CiteSpace, we identified 17
keyword clusters, as shown in Figure 7. Combining the results of
the literature analysis, our findings reveal a close connection
between pulmonary nodule research and AI technologies, parti-
cularly machine learning (ML) and deep learning (DL). The
most-cited reference was “End-to-end lung cancer screening
with three-dimensional DL on low-dose chest computed tomo-
graphy” by Tse D. et al, published in Nature Medicine
(IF = 58.7) in 2019[18], which focused on the potential of DL to
reduce false-positive rates in pulmonary nodule detection and
lung cancer screening. This phenomenon underscores the signif-
icant role of AI in enhancing diagnostic accuracy and efficiency.

Technical evolution of AI-based detection models

With the development of DL, particularly CNNs, the landscape
of pulmonary nodule detection has undergone significant trans-
formation. Early approaches based on handcrafted features and
rule-based algorithms were prone to low generalizability and
high false-positive rates. In contrast, CNN-based methods –
such as 2D CNNs, 3D CNNs, and U-Net architectures – have
shown superior performance in localizing nodules in LDCT
scans, especially for small or irregularly shaped lesions[50].
Moreover, as research progresses, architectural strategies for
detection have diversified. Broadly, two major paradigms have
been explored in the context of AI-based object detection and
increasingly adapted for medical imaging: (1) Two-stage detec-
tors, such as Faster R-CNN, first generate candidate regions and
then perform classification and refinement. These models offer
high precision and are well-suited for complex nodule localiza-
tion tasks, albeit with higher computational cost and longer
inference time[51]; (2) One-stage detectors, such as YOLO (You
Only Look Once) and SSD (Single Shot MultiBox Detector),
perform detection and classification in a single pass, enabling
real-time performance[52,53]. While initially developed for nat-
ural image detection, these models have been modified to pro-
cess CT data, offering potential for fast triage systems in clinical
workflows.

However, unlike general object detection, pulmonary nodules
are three-dimensional entities often requiring spatial context. As
a result, 3D CNNs and volumetric detection models have been
increasingly adopted. These models can exploit the full 3D
structure of nodules, improving both sensitivity and robustness.
For instance, 3D U-Net variants have been used to segment and
detect nodules across multiple slices with higher spatial
consistency[54].

More recently, attention-based architectures and transformer
models have been introduced to better capture long-range spa-
tial dependencies in volumetric data. These models dynamically
weigh the importance of different regions within the CT volume,
allowing more accurate detection of ambiguous or subtle
nodules, especially in complex anatomical backgrounds[55].

In summary, the technical evolution of AI-based pulmonary
nodule detection has progressed from simple rule-based compu-
ter-aided detection (CADe) systems to complex DL architec-
tures, with current research focusing on balancing accuracy,
efficiency, and clinical adaptability. Future innovations are
likely to involve hybrid approaches combining volumetric atten-
tion mechanisms, real-time inference, and integration with clin-
ical metadata to improve generalizability and reduce false
positives across diverse patient populations.

Current challenges to pulmonary nodule detection: data
limitations and clinical relevance

Most current models are developed using public Western-centric
datasets, which lack representation from underdeveloped
regions or varied clinical environments. Furthermore, these
datasets often exclude complex real-world cases such as over-
lapping nodules or CT images with artifacts. Building multi-
center, multinational databases with standardized annotation
protocols is essential for creating generalizable AI detection
systems.

Although AI has demonstrated high sensitivity, specificity
remains a major concern. Many systems produce excessive
false positives, leading to unnecessary patient anxiety, follow-
up imaging, and invasive procedures. For example, studies using
LUNA16 reported false positive rates of up to 0.2 per scan[56].
To address this, recent models incorporate post-processing fil-
ters, contextual anatomical constraints, and ensemble learning
to reduce false alarms[57]. Integrating clinical metadata (e.g.
smoking history, age) with image-based models has also shown
promise in prioritizing clinically relevant findings[58]. The prac-
tical adoption of AI detection tools must balance high sensitivity
with low false positive rates and robust performance across
diverse patient populations.

Future innovations: weak supervision, active learning, and
transformers

A key barrier in detection model development is the scarcity of
labeled data. Weakly supervised learning, where only partial or
imprecise labels are used, has emerged as a promising
solution[59]. Models trained with slice-level or scan-level labels
can still learn to identify nodules without exhaustive pixel-wise
annotation. Self-supervised learning and contrastive learning are
also being explored to pre-train models using large unlabeled
datasets[60,61]. Another underexplored area is active learning,
where models iteratively select the most informative samples
for annotation, maximizing efficiency and reducing labeling
costs[62]. Combined with radiologist-in-the-loop systems, this
could accelerate the creation of high-quality training datasets
in resource-limited settings. Furthermore, transformer-based
architectures, originally designed for natural language proces-
sing, are increasingly adapted for medical imaging[63]. These
models capture long-range dependencies and have demonstrated
competitive performance in recent studies on pulmonary nodule
detection.
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In summary, in comparison to traditional non-AI detection
methods – such as manual interpretation by radiologists or
classical CADe systems – AI-based approaches offer several
advantages. First, AI systems can process and analyze large
volumes of CT data rapidly and consistently, reducing inter-
observer variability and human fatigue. Second, AI algorithms,
especially DL models, are capable of learning hierarchical and
abstract features directly from raw images, enabling the detec-
tion of subtle or atypical nodules that might be overlooked by
human experts. Additionally, AI models can integrate multimo-
dal data (e.g. imaging, clinical history), thereby enhancing risk
stratification and decision support. However, AI also presents
some disadvantages when compared to traditional methods.
Unlike experienced radiologists, AI systems often lack transpar-
ent reasoning processes, leading to challenges in interpretability
and clinical trust. Furthermore, AI performance is highly depen-
dent on the quality and representativeness of training data. In
cases with image artifacts, rare anatomical variants, or insuffi-
cient training on diverse populations, AI systems may underper-
form or generate misleading results. Thus, while AI offers
transformative potential, it is not yet a replacement for expert
clinical judgment, but rather a tool that complements and aug-
ments it.

Besides, AI-based pulmonary nodule detection has evolved
rapidly, with DL significantly outperforming traditional meth-
ods. However, limitations in data diversity, false positive con-
trol, and interpretability remain key challenges. Future research
should prioritize the development of multi-institutional datasets,
hybrid learning strategies (e.g. active + weak supervision), and
novel model architectures (e.g. Vision Transformers) to build
robust and clinically useful detection tools. These advancements
will be crucial for the widespread and equitable adoption of AI-
assisted lung cancer screening across varied healthcare
environments.

Hot spot 2: application of AI in pulmonary nodule
classification

Following detection, the classification of pulmonary nodules
into benign or malignant plays a critical role in clinical deci-
sion-making, influencing the need for surgical intervention,
biopsy, or follow-up. Therefore, analyzing the application of
AI in pulmonary nodule classification undoubtedly is important
for researchers engaged in this field.

Approaches to pulmonary nodule classification

Current classification approaches can be broadly divided into
two categories: traditional ML methods based on radiomic fea-
ture extraction, and DL methods that automatically learn dis-
criminative patterns from raw imaging data. Radiomics-based
ML models typically extract predefined features – such as tex-
ture, shape, margin, and intensity – from segmented nodules and
use classifiers like support vector machines (SVM), random
forests (RF), or logistic regression to distinguish benign from
malignant lesions[64]. These models offer interpretability and are
effective in small datasets, but they often suffer from feature
selection bias and lack adaptability to complex patterns. DL
models, particularly CNNs, have demonstrated superior perfor-
mance by learning hierarchical features directly from CT
images[65]. Architectures such as ResNet, DenseNet, and
EfficientNet are commonly employed. Some studies also explore

dual-path CNNs that combine local nodule features and global
lung context to improve classification accuracy. However, these
models require large annotated datasets and are often regarded
as “black boxes,” limiting their clinical transparency and
trustworthiness.

Challenges in real-world deployment

Despite technical advancements, several key challenges hinder
the clinical translation of AI-based classification systems: (1)
Class imbalance: Malignant nodules are far less prevalent than
benign ones, which can lead to biased models unless carefully
addressed through resampling or cost-sensitive learning strate-
gies. (2) Weak or noisy labels: Many labels are based on
radiological suspicion or short-term follow-up rather than
pathological confirmation, introducing uncertainty in training
data. (3) Domain shift: Models trained on specific institutions or
image acquisition protocols may not generalize well to external
datasets, underscoring the need for multicenter validation and
domain adaptation techniques. (4) Lack of interpretability:
Most DL models do not provide explanations for their predic-
tions, which poses a barrier to clinician acceptance in high-
stakes diagnostic contexts.

Emerging innovations and future directions

Several promising research directions aim to address the afore-
mentioned limitations and enhance the robustness and clinical
utility of classification models: (1) Explainable AI (XAI):
Techniques such as Grad-CAM, LIME, and SHAP are being
integrated to highlight influential image regions and provide
clinicians with visual justifications for model decisions.
However, standardized interpretability protocols are still
lacking[66]. (2) Few-shot and self-supervised learning: These
approaches enable models to generalize from limited labeled
samples, which is particularly valuable for rare malignancies or
underrepresented populations[67]. (3) Federated learning: This
decentralized training method allows institutions to collabora-
tively develop classification models without sharing raw data,
preserving patient privacy and overcoming data fragmentation
across centers[68]. (4) Cross-modality fusion: Combining CT
imaging with other modalities such as PET, MRI, or radiology
reports may further enhance classification accuracy and reduce
diagnostic uncertainty.

Besides, recent studies are increasingly moving toward multi-
modal AI frameworks that combine imaging data with patient-
specific clinical parameters (e.g. age, smoking history, family
history) and even genetic or molecular profiles. Such integrated
models have demonstrated improved diagnostic performance
and represent a step toward personalized, precision medicine.

In summary, AI-based classification of pulmonary nodules
has shown substantial progress, evolving from radiomics-driven
ML models to deep and multimodal architectures. While perfor-
mance metrics in controlled datasets are promising, challenges
such as class imbalance, interpretability, and domain general-
ization remain. Future research should focus on developing
explainable, data-efficient, and clinically validated models that
can be integrated seamlessly into diagnostic workflows. These
efforts will be pivotal in enabling AI to assist clinicians in mak-
ing more accurate, transparent, and personalized decisions for
pulmonary nodule management.
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Hot spot 3: AI in malignancy risk prediction and growth
modeling

Moreover, in our analysis of keyword clustering (Fig. 7), we also
found terms related to AI algorithms for assessing pulmonary
nodule malignancy risk, such as the DCNNmodel, delta feature,
and cancer diagnosis. Thus, it is essential to conduct a systematic
discussion on AI-driven malignancy risk prediction and growth
modeling for pulmonary nodules in the following sections.

Malignancy risk prediction based on static imaging

Traditional risk models for pulmonary nodules, such as the
Mayo Clinic and Brock models, incorporate clinical features
(e.g. age, smoking status, nodule size) to estimate malignancy
probability. With the advent of AI, more sophisticated
approaches have emerged. Radiomics-based models extract
quantitative features (e.g. texture, shape, edge sharpness) from
CT images and use ML algorithms such as RF and SVM to
predict malignancy. These models have demonstrated improved
performance over human interpretation in several studies[69].

More recently, DL approaches have been employed to learn
high-dimensional features directly from raw images without
explicit feature engineering. CNN-based models can infer malig-
nancy probability end-to-end, offering scalability and automa-
tion. For instance, Google’s DL model published by Tse et al in
Nature Medicine employed a 3D CNN to predict lung cancer
from low-dose CT scans with performance on par with expert
radiologists[18]. However, these models remain data-hungry and
are limited by their black-box nature and generalization gaps
across populations.

Growth modeling using longitudinal imaging

Pulmonary nodules are inherently dynamic. Nodules that
increase in size, change in density, or exhibit morphological
evolution over time are more likely to be malignant. Growth
modeling aims to quantify such temporal changes using serial
CT scans. A commonly used metric is volume doubling time
(VDT), which correlates with tumor aggressiveness. However,
manual or rule-based VDT assessment is prone to inconsistency.

AI offers novel solutions for longitudinal analysis. Some mod-
els use delta-radiomics, which captures changes in radiomic
features between two time points to estimate progression.
Others adopt recurrent neural networks, long short-term mem-
ory networks, or even emerging transformer-based temporal
models to model sequences of CT scans[70,71]. These time-
aware models can learn nodule evolution patterns and forecast
future malignancy risk or progression trajectories.

Recent studies have also begun to integrate clinical metadata
(e.g. demographics, lab values) and even genomic information
with temporal imaging features to create multimodal predictive
frameworks. These integrated systems hold promise for perso-
nalized surveillance strategies tailored to individual patients’ risk
profiles[72].

Challenges and future perspectives

Despite their promise, predictive and growth modeling tasks
face several barriers. First, longitudinal imaging data is difficult
to obtain, and are often inconsistent in timing and imaging
parameters. Second, label noise and outcome uncertainty (e.g.
no biopsy confirmation) reduce model reliability. Third,

temporal models are complex and require substantial computa-
tional resources and interpretability mechanisms.

Going forward, promising directions include: (1) Federated
temporal learning across institutions to expand training datasets
without compromising privacy. (2) Few-shot prediction models
trained on limited follow-up data. (3) Time-aware XAI, which
helps clinicians understand how nodule evolution influences
malignancy predictions.

In summary, AI-driven malignancy risk prediction and
growth modeling represent powerful tools for optimizing pul-
monary nodule management. Static imaging models estimate
malignancy probability at a given time point, while longitudinal
approaches assess progression trends, offering a temporal
dimension to diagnosis. Together, they form a continuum of
AI support, from detection to dynamic risk stratification.
Overcoming data fragmentation and improving model transpar-
ency will be crucial for their successful integration into routine
clinical workflows.

Hot spot 4: AI-driven development of drug efficacy
evaluation metrics may be a future direction for pulmonary
nodule treatment research

Although surgery is the main intervention method for high-risk
pulmonary nodules, not all patients are able to tolerate or are
willing to undergo surgical treatment. For these patients, medi-
cation is necessary[58]. Therefore, while ensuring safety, it is
essential to develop drugs that could control, reduce, or elim-
inate pulmonary nodules and lower their risk of malignancy.
Scientific and objective efficacy evaluation metrics are the foun-
dation of drug development. However, there is currently no
universally recognized method for evaluating the efficacy of
pulmonary nodule treatments, which limits the development of
research on the treatment of pulmonary nodules.

AI has the potential to address these challenges, but it relies on
advancements in algorithms. These algorithms must enhance the
understanding of pulmonary nodule imaging and incorporate
more nuanced features, to improve their diagnostic accuracy and
predictive capability. With AI support, the accuracy of pulmon-
ary nodule diagnosis has improved significantly compared to
traditional assessment methods. If we can leverage AI to develop
methods for evaluating the therapeutic efficacy of pulmonary
nodules and integrating these methods with drug discovery, we
can potentially provide a nonsurgical treatment alternative and
prevent the malignant transformation of high-risk nodules. This
would be of great significance for early-stage lung cancer
research. In fact, existing evidence suggests that early high-risk
pure ground-glass nodules could achieve remission through
pharmacological treatment[73]. Genome mapping studies have
also revealed the molecular mechanisms of pulmonary nodule
pathogenesis and identified potential drug targets[74].
Additionally, existing evidence demonstrates that radiomics,
an AI-driven technology, can assess tumor treatment efficacy
more effectively than conventional evaluation methods.
A study published in Radiology revealed that radiomics enables
accurate and robust stratification of survival risks in stage IA
pure-solid non-small cell lung cancer (NSCLC) patients.
Moreover, a study on locally advanced rectal cancer demon-
strated that radiomics outperformed experienced radiologists
in classifying pathological complete response following neoad-
juvant chemo-radiotherapy[75]. This capability makes efficacy
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evaluation metrics offering promise to facilitate personalized
management strategies for early-stage lung cancer patients[75].

Despite the compelling evidence highlighting the immense
potential of AI in evaluating treatment efficacy for pulmonary
nodules, relevant evidence remains limited, and no comprehen-
sive expert consensus has been established on efficacy evalua-
tion. Further research is needed in this field. Minimizing human
bias and variability is a significant advantage, particularly in
clinical settings where accurate and timely decision-making is
crucial. Given current research trends, if we were able to lever-
age AI algorithms to develop tailored efficacy evaluation meth-
ods for pulmonary nodules, we may achieve more objective,
accurate, and comprehensive assessments. This would undoubt-
edly play a crucial role in advancing pharmacological treatment
research for pulmonary nodules. However, we still need high-
level evidence from clinical studies, as well as further studies to
elucidate the underlying mechanisms. This research direction is
highly relevant and impactful.

Moreover, in terms of prognosis, AI also demonstrates sig-
nificant advantages. Radiomics features associated with the
tumor immune micro-environment extracted by Mazzaschi et -
al[76], when combined with clinical pathological characteristics,
could effectively predict the prognosis of NSCLC patients after
surgical resection. Wang et al[77] have used PyRadiomics to
extract radiomic features from the two-dimensional, three-
dimensional, and peritumoral regions of tumors, selecting the
best features to perform personalized survival risk stratification
for NSCLC patients with clinical and pathological stage IA. The
AUCs for 3-year and 5-year survival in the external validation
cohort were 0.76 and 0.75, respectively. The graph neural net-
work, a type of neural network, captures dependencies within
a graph by transferring information between nodes, making it
a connectionist model[78]. Lian et al[79] have proposed a model
based on graph neural networks, which utilizes a visual trans-
former to extract CT image features and embeds both imaging
and non-imaging data into the neural network. This model
classifies the overall survival and recurrence risk of early-stage
NSCLC patients, and its performance on external datasets sig-
nificantly outperforms TNM staging. With this research founda-
tion, it becomes possible to use AI technology to evaluate the
efficacy of drug treatments for pulmonary nodules in the future.

Particularly in under-resourced regions, where radiological
expertise is limited, AI-driven diagnostic and efficacy assessment
tools can provide scalable, cost-effective alternatives to support
early lung cancer detection and treatment evaluation. This
reflects the growing importance of interdisciplinary solutions
in global health equity and underscores the value of applying
AI technologies to address real-world clinical needs.

Summary

AI has profoundly reshaped key tasks in pulmonary nodule man-
agement, including detection, classification, malignancy risk pre-
diction, and therapeutic response evaluation. As previously
discussed, a variety of AI techniques have been applied across
these domains. Broadly, they can be categorized into three major
types: First, traditional ML models, such as SVM and RF, rely on
handcrafted radiomic features. Thesemodels offer interpretability
and perform reasonably well with small-to-moderate datasets but
are often limited in adapting to complex image patterns. Second,
DL models, especially CNNs, have become the mainstream

approach. These models extract high-dimensional features
directly from raw images in an end-to-end fashion, leading to
superior accuracy in detection and classification tasks. However,
their “black-box” nature, high data requirements, and limited
interpretability pose challenges for clinical translation. Third,
emerging foundation models, including vision transformers,
graph neural networks, and multimodal fusion frameworks, are
gaining attention. These models can capture long-range depen-
dencies and spatiotemporal dynamics while integrating diverse
data modalities such as imaging, clinical variables, and genomic
information. Despite their promise, these approaches remain in
the exploratory phase and require large-scale validation and
robust evaluation frameworks before widespread adoption.

Besides, these AI paradigms differ substantially in terms of
technical complexity, interpretability, and clinical usability. The
choice of methodology should be tailored to the specific clinical
task, available data resources, and deployment environment.
Compared with conventional rule-based or radiologist-depen-
dent diagnostic systems, AI-based methods offer notable advan-
tages: improved diagnostic efficiency, reduced human error, and
enhanced individualized risk assessment. Nonetheless, the clin-
ical implementation of AI remains contingent on addressing
challenges such as multi-institutional data heterogeneity, lack
of model transparency, limitations in generalizability, and the
need for equitable and privacy-preserving frameworks.

Looking ahead, the clinical translation of AI in pulmonary
nodule management will depend on three key strategies: (1)
developing hybrid models that combine high performance with
interpretability through visual outputs; (2) constructing multi-
modal, multi-center, and continuously updated data ecosystems
to enhance model generality; and (3) exploring AI-guided perso-
nalized treatment planning and response assessment for high-
risk patient’s ineligible for surgery.

Overall, establishing a structured and systematic understand-
ing of AI methodologies will help clinicians, researchers, and
policymakers better assess the current limitations and future
potential of AI. This, in turn, will facilitate the shift from algo-
rithmic innovation to meaningful clinical integration in pulmon-
ary nodule management. In terms of practical applications, the
results of this study provide actionable insights for multiple
stakeholders. For clinicians, identifying AI research trends –
particularly in diagnostic accuracy and malignancy risk predic-
tion – can support informed decision-making in early lung can-
cer screening and follow-up strategies. For AI developers and
researchers, the highlighted technical limitations such as lack of
annotated datasets, interpretability issues, and data heterogene-
ity offer clear directions for future algorithm refinement.
Furthermore, for healthcare administrators and policymakers,
recognizing the global research distribution helps inform invest-
ment strategies, promote international collaboration, and guide
the development of regulatory and ethical frameworks for clin-
ical AI implementation. These findings, therefore, extend
beyond academic value and serve as a roadmap for bridging
the gap between cutting-edge research and real-world medical
applications.

Limitations

Admittedly, there are still some limitations. First, this study only
selected articles and reviews in the WoSCC database, but due to
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the limitations of bibliometric software, it was difficult to merge
various databases for analysis; we presented reasons for choos-
ing WoSCC as our database in the methods section. Secondly,
our study might overlook some important non-English publica-
tions, leading to research bias and decreased inclusivity. Finally,
since the continuous update of the database, recent high-quality
papers might be underestimated for their undesirable number of
citations.

Conclusion

To our knowledge, this is the first comprehensive analysis of
study related to AI in pulmonary nodules from 2005 to 2024 by
bibliometrics. The number of publications on AI-based pulmon-
ary nodules research has been growing in the past 20 years,
especially after 2014. China and the United States have contrib-
uted the most to this field. Shanghai Jiao Tong University was
the most productive institution. R.J. Gillies (Moffitt Cancer
Center) and S.G. Armato III (University of Chicago) were iden-
tified as the most influential authors. In conclusion, the promi-
nent research areas that overlap in AI and pulmonary nodule
research concentrate on the subsequent topics: (1) Application
of AI in pulmonary nodule detection and classification; (2) AI in
malignancy risk prediction and growth modeling; (3) AI-driven
development of drug efficacy evaluation metrics may be a future
direction for pulmonary nodule treatment research. This timely
review scrutinizes research trends and hotspots related to AI and
pulmonary nodules, which could progress the field and form the
basis for forthcoming studies.
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