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 Lung cancer remains a major global health burden, and deep learning, especially convolutional 
neural networks, has become a widely used approach for CT-based detection and diagnostic 
support. This scientometric study maps how this research area has developed and how its main 
themes and collaborations are organized, using a workflow that combines bibliometrix (R) with 
VOSviewer. From a broader Scopus query result set, an exported core subset of 200 journal 
articles published between 2017 and 2025 was selected for in-depth bibliometric analysis, span-
ning 139 sources and including 1,659 cited references. The citation overview reports 7,167 total 
citations across 175 cited documents, corresponding to a corpus h-index of 42. Thematic map-
ping and keyword co-occurrence analyses show a stable CT-centric backbone that connects most 
studies, alongside faster-growing streams focused on model generalization and optimization, 
and smaller niche lines such as 3D CNN–driven lung nodule detection. Collaboration indicators 
point to moderate internationalization, with 43 multi-country publications (21.5%). Overall, the 
field is consolidating around CT-based deep learning pipelines, while a key gap remains in trans-
lation-ready evidence, multi-center external validation, robustness to protocol heterogeneity, 
and more consistent reporting practices to support reproducibility and clinical adoption. 
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1. Introduction 
 

Lung cancer remains one of the most consequential oncologic conditions globally, largely because prognosis is tightly 
coupled to stage at diagnosis and timely treatment decisions (Sung et al., 2021). Broader epidemiologic and clinicopatho-
logic framing also supports this focus, particularly given the persistent burden of thoracic malignancies and the centrality 
of histologic classification in lung cancer management (Siegel et al., 2020; Travis et al., 2015). In practice, imaging plays a 
central role in both screening and diagnostic pathways, with computed tomography (CT), including low-dose CT, serving 
as a primary modality for detecting pulmonary nodules, characterizing suspicious lesions, and supporting downstream clin-
ical decision-making (Snoeckx et al., 2021). Yet CT interpretation is resource-intensive and inherently variable: radiologists 
must balance sensitivity for early lesions against false positives, while dealing with differences in acquisition protocols, 
reconstruction parameters, and patient populations. These real-world constraints make lung cancer imaging an especially 
active area for computer-aided diagnosis and decision support systems. 

Deep learning has become the dominant methodological paradigm for medical image analysis across multiple imaging 
domains, with convolutional neural networks (CNNs) serving as the standard backbone for detection, classification, and 
segmentation tasks (Ronneberger et al., 2015; Rajpurkar et al., 2017). In the lung imaging domain, this has translated into 
a large body of work on pulmonary nodule detection and malignancy assessment using CT, supported by community bench-
marks that helped formalize evaluation practices and comparison across algorithms (Setio et al., 2017). A broader technical 
stream has developed around pulmonary nodule detection and classification using multi-scale CNNs, residual and dual-path 
networks, transfer learning, and related deep architectures (Ciompi et al., 2017; Qin et al., 2018; Li et al., 2019; Xie et al., 
2019; Liu et al., 2020). This broader technical stream also includes early residual, deep-feature, and dual-path modeling 
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directions that helped shape later CT-based nodule analysis workflows (Chen et al., 2017, 2021; Kumar et al., 2017; Zhu et 
al., 2018). 

Alongside end-to-end CNN pipelines, a parallel stream has expanded around radiomics, quantitative feature extraction from 
medical images, often motivated by the need for more interpretable representations and stronger linkage to clinically mean-
ingful outcomes (Gillies et al., 2016). This hybridization is visible in studies that fuse deep features with radiomics features 
and in outcome-oriented modeling efforts that extend beyond detection toward prognosis and treatment response.Despite 
methodological progress, translating imaging AI into clinical practice remains challenging.  Related work has also reinforced 
this radiomics-oriented direction by linking imaging-derived representations to survival modeling, malignancy prediction, 
and personalized risk stratification (Lambin et al., 2017; Paul et al., 2018; Mukherjee et al., 2020). 
 

  

Fig.  1. Annual publication output for the broader Scopus query result set 
(2017–2025) 

Fig.  2. Subject-area distribution of the broader Scopus query result 
set 

 

 Many studies are retrospective and single-center, and performance can degrade under dataset shift caused by differences in 
scanners, protocols, or population characteristics. More broadly, clinical impact depends not only on accuracy, but also on 
generalizability, transparent reporting, and workflow integration, factors repeatedly highlighted as core barriers for 
healthcare AI adoption (Kelly et al., 2019). Related discussions in the wider medical AI literature have similarly emphasized 
the need for clinical trust, careful model appraisal, and realistic expectations about deployment beyond benchmark perfor-
mance alone (Topol, 2019; Wynants et al., 2020). In lung cancer specifically, the most clinically valuable outputs increas-
ingly align with decisions such as risk stratification, prognosis, and therapy planning rather than detection alone, because 
these outputs can directly influence treatment selection and care pathways.  Given the scale and diversity of the literature, 
narrative reviews and technical surveys remain useful for synthesizing methods, but they often struggle to quantify how the 
field is structured, where influence concentrates, and which themes are emerging versus mature.  This need for structured 
mapping is also reflected in the growing number of review-oriented contributions that summarize CAD pipelines, deep 
learning strategies, and broader diagnostic trends in lung cancer imaging (Firmino et al., 2016; Akila Agnes & Anitha, 2020; 
Mastouri et al., 2020).Scientometric methods address this limitation by using bibliographic metadata to characterize publi-
cation dynamics, collaboration structures, and conceptual organization through keyword and network analyses. This is par-
ticularly relevant for fast-growing interdisciplinary domains where comparable technical concepts appear across many ven-
ues and clinical framings. By mapping themes and influence patterns systematically, scientometric analysis can help re-
searchers position new contributions, identify underexplored directions, and clarify where evidence remains insufficient for 
translation. 

Accordingly, this study conducts a scientometric analysis of deep learning applications in lung cancer diagnosis within CT-
related imaging contexts, combining bibliometrix (R) and VOSviewer to characterize publication trends, source dispersion, 
citation structure, keyword organization, thematic clusters, and collaboration patterns with VOSviewer serving as a com-
plementary tool for network-based bibliometric visualization (van Eck & Waltman, 2010). The core bibliometric computa-
tions are performed on a Scopus-exported subset of 200 journal articles published between 2017 and 2025, while Scopus 
analytics outputs from the broader query result set are used selectively as contextual evidence (e.g., overall trend or subject-
area composition) to support interpretation without conflating dataset scopes. 

2. Methodology 

2.1. Data Source  
This study used Scopus as the sole bibliographic database because it provides broad coverage of medical imaging, biomed-
ical engineering, and applied AI journals, while also offering consistent metadata fields required for scientometric pro-
cessing (e.g., author keywords, indexed keywords, affiliations, and cited references). All searches and exports were con-
ducted from Scopus on 21 February 2026, ensuring a single, time-stamped snapshot of the literature for reproducibility. The 
full query returned a broader result set (as reflected in the Scopus Analyzer screenshots), while the exported dataset used 
for bibliometric computation and mapping consisted of a core subset of 200 journal articles. 
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2.2. Search Strategy and Query Specification 
 

The Scopus database was searched using a structured query applied to the Title–Abstract–Keyword fields (TITLE-ABS-
KEY) to capture publications at the intersection of lung cancer, deep learning methods, and CT-related imaging contexts. 
The search focused on journal articles written in English and was constrained to the modern deep learning era. Specifically, 
the query required (i) the presence of “lung cancer”, (ii) at least one deep learning–related term (“deep learning”, “convo-
lutional neural network”, or “CNN”), and (iii) at least one CT-related imaging term (“computed tomography”, “CT image”, 
or “radiomics”). Records were restricted to journal articles (document type: “ar”) and to publications prior to 2026. 

The exact Scopus query string used in this study is reported verbatim below to ensure full reproducibility: 

TITLE-ABS-KEY ( "lung cancer" ) AND TITLE-ABS-KEY ( "deep learning" OR "convolutional neural network" OR 
"CNN" ) AND TITLE-ABS-KEY ( "computed tomography" OR "CT image" OR "radiomics" ) AND PUBYEAR > 2014 
AND PUBYEAR > 2015 AND PUBYEAR < 2026 AND ( LIMIT-TO ( DOCTYPE , "ar" ) ) AND ( LIMIT-TO ( LAN-
GUAGE , "English" ) ) 

For consistency with downstream analyses, the study subsequently focused on the 2017–2025 window for the exported core 
subset used in bibliometrix and VOSviewer, while Scopus Analyzer outputs from the broader query set were used only as 
contextual evidence (e.g., overall publication growth and subject-area composition) and were explicitly labeled as such. 

2.3. Corpus Definition and Data Export 

The core analytical dataset for this study consisted of 200 Scopus-indexed journal articles published between 2017 and 
2025. These records were exported from Scopus as a single CSV file containing the full set of bibliographic fields needed 
for scientometric analysis, including author and source information, author keywords (DE), index keywords (ID), citation 
counts (“Cited by”), affiliation strings, and cited-reference lists. The exported file was then imported into R and converted 
into a bibliographic dataframe using bibliometrix’s convert2df() function, which translates Scopus tags into the standardized 
field structure expected by bibliometrix (for example, AU for authors, SO for sources, DE for author keywords, ID for index 
keywords, TC for total citations, and CR for cited references). This conversion step matters because it ensures that subse-
quent calculations and mappings are based on consistent field definitions and separators rather than database-specific for-
matting. After conversion, the corpus covered 139 sources and involved 883 unique authors (1,067 author appearances), 
with 1,659 cited references available for citation- and reference-aware analyses. 

2.4. Data Preprocessing and Term Standardization 

To ensure that keyword-based mapping reflects substantive research themes rather than metadata noise, the exported Scopus 
records were preprocessed prior to conceptual analyses. Keyword fields are particularly sensitive to minor formatting dif-
ferences because even superficial variants, such as capitalization, pluralization, hyphenation, and inconsistent abbrevia-
tions—can fragment a single concept into multiple nodes, thereby distorting frequency counts, weakening co-occurrence 
links, and producing artificial micro-clusters in thematic maps. Accordingly, keyword strings were normalized through de-
limiter standardization and whitespace trimming, followed by harmonization of obvious variants in the most central expres-
sions for this domain. In particular, modality and architecture terms were consolidated to reduce fragmentation across equiv-
alent labels (e.g., multiple CT-related forms and multiple CNN-related forms). Where necessary, synonyms and near-syno-
nyms that were functionally equivalent in the corpus were unified to improve interpretability of both VOSviewer network 
structures and bibliometrix thematic outputs. 

Two complementary keyword layers were retained because they serve different purposes in scientometric interpretation. 
Author keywords (DE) were treated as the primary conceptual signal, as they capture the author-intended framing of each 
study and therefore provide the strongest basis for mapping the intellectual structure of the field. Index keywords (ID) were 
retained as a supplementary descriptor layer, but their interpretive role was deliberately constrained. In Scopus indexing, 
ID commonly contains high-frequency generic descriptors (e.g., human, male, female, article) that inflate counts without 
improving thematic specificity, and can dominate co-occurrence networks if included without filtering. For this reason, DE 
was used for thematic mapping, cluster interpretation, and conceptual conclusions, while ID was consulted selectively to 
support interpretation of evaluation-oriented descriptors and study-design framing where relevant (e.g., diagnostic accuracy, 
sensitivity and specificity, retrospective study). This separation reduces the risk of conflating database indexing artifacts 
with genuine thematic structure, while still leveraging ID to enrich interpretation when it adds domain-relevant context. 

2.5. Bibliometric Indicators and Descriptive Analysis 

All analyses were conducted in R (version 4.5.1) using bibliometrix. Descriptive indicators were computed for: (i) corpus 
size and time coverage, (ii) source dispersion and most productive outlets, and (iii) authorship structure. Annual scientific 
production within the exported corpus was computed as the number of articles per year from 2017 to 2025. Source produc-
tivity was computed as the number of documents per outlet, and reported alongside share of the corpus to quantify outlet 
concentration versus dispersion. 
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Authorship and collaboration structure were summarized using complementary indicators that capture both breadth and 
intensity. These include the number of unique authors, total author appearances, documents per author, and the average 
number of co-authors per document, alongside the count of single-authored papers. Reporting these measures is particularly 
important in medical AI contexts because research output is typically produced by multi-role teams spanning clinical ex-
pertise, imaging knowledge, and methodological development. Together, these descriptive indicators establish the baseline 
characteristics of the corpus and provide the quantitative context needed to interpret subsequent results on thematic struc-
ture, citation concentration, and collaboration patterns. 

2.6. Citation Overview and Influential-Document Identification 
Citation analysis was performed on the exported corpus using Scopus-provided citation counts (TC), treating these values 
as the most consistent, document-level indicator available within the dataset snapshot. The citation overview reports a small 
set of complementary metrics to capture both scale and concentration of influence, including total citations accumulated by 
the corpus, the number of cited documents, citations per document, citations per year per document, and the corpus-level 
h-index derived from the distribution of TC values across documents. To identify influential contributions in a transparent 
way, papers were ranked by total citations and the top-cited set was reported with standard bibliographic identifiers (first 
author, year, source, title, TC, and DOI). Throughout the manuscript, citation-based statements are explicitly scoped to the 
exported corpus to avoid conflating these results with the broader query set that was not fully exported for bibliometrix 
processing. 

2.7. Thematic Mapping and Conceptual Structure 
 

The conceptual structure of the corpus was examined using author-keyword frequency profiling and thematic mapping. 
Frequency tables were produced for both author keywords (DE) and index keywords (ID), with DE treated as the primary 
signal for interpreting research themes. Thematic mapping was then performed on DE using centrality and density metrics 
to position themes into four standard categories: motor themes (high centrality and high density), basic themes (high cen-
trality with lower density), niche themes (lower centrality with high density), and emerging/declining themes (low centrality 
and low density). Theme labels were assigned based on representative high-frequency terms within each cluster, and the top 
terms per theme were used to support transparent interpretation and to reduce ambiguity in labeling. 

Because keyword-based thematic mapping is sensitive to term frequency and metadata consistency, small clusters were 
interpreted cautiously. Very small themes can plausibly signal emerging directions, but they may also be produced by in-
consistent keyword assignment, synonym fragmentation, or authors’ differing preferences in keyword granularity. For this 
reason, micro-themes were reported transparently but were not treated as dominant thematic pillars unless their relevance 
was supported by broader frequency patterns and complementary evidence from co-occurrence mapping. 

2.8. Geographic Contribution and International Collaboration 
 

Geographic indicators were obtained by extracting country tags from the affiliation metadata associated with each record. 
Because a single paper can list multiple countries, and simple counting would therefore overstate national contributions, 
country output was reported using fractional counting, where each document contributes 1/k credit to each of its k associated 
countries. International collaboration was quantified by reporting both the number and the proportion of multi-country 
publications in the exported corpus. To describe collaboration structure in a way that is easy to interpret, we additionally 
summarized country connectivity using collaboration strength (degree-based connectivity in the country co-occurrence net-
work) and listed the most frequent country-pair links derived from country co-occurrence within documents. 

2.9. Ethical Considerations 
 

This study uses bibliographic metadata retrieved from Scopus and analyzes results at an aggregated, publication-level. No 
patient-level data, clinical images, or confidential records were accessed or processed. Because the work relies on publicly 
indexed publication metadata and does not involve human participants or interventions, institutional review board approval 
was not required. 

3. Results 

3.1. Main Information About the Dataset 
The exported analytical corpus consists of 200 Scopus-indexed journal articles published between 2017 and 2025. The 
dataset is spread across 139 sources, which signals that research on CT-related deep learning for lung cancer is published in 
a wide range of outlets rather than being concentrated in a small set of specialized journals. The authorship base is similarly 
broad: the corpus includes 883 unique authors with 1,067 author appearances, which is consistent with a domain where 
studies are typically produced by multi-role teams combining clinical expertise, imaging knowledge, and machine learning 
development. Collaboration intensity is high, with an average of 5.33 co-authors per document and only three single-au-
thored articles. 
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Citation indicators suggest that the exported corpus contains a non-trivial concentration of influential work despite its rela-
tively recent average age (3.3 years). In total, 175 documents have received at least one citation, and the corpus has accu-
mulated 7,167 citations. The corpus-level h-index is 42, indicating that 42 documents have each reached at least 42 citations. 
Together, these figures imply that the exported core is not dominated by low-impact records; instead, it includes a substantial 
number of papers that have already shaped subsequent research in the area. 

Table 1 
Main dataset descriptors (exported core subset, Scopus; 2017–2025) 

Descriptor Value Descriptor Value 
Timespan 2017–2025 Documents per author 0.227 
Documents 200 International co-authorships (%) 21.5 
Sources (journals) 139 Document average age (years) 3.3 
References 1,659 Total citations 7,167 
Authors (unique) 883 Cited documents 175 
Author appearances 1,067 Average citations per document 35.84 
Authors of single-authored documents 3 Average citations per year per document 6.165 
Single-authored documents 3 Corpus h-index 42 
Co-authors per document 5.33   

 

3.2. Annual Scientific Production (2017–2025) 
 

Annual production within the exported corpus shows a clear growth trajectory over the observed period. Output increases 
from 1 article in 2017 to 51 articles in 2025, with particularly strong expansion after 2021. Publication volume rises steadily 
through 2023 (29 articles) and accelerates in 2024 (41) and 2025 (51). Although the annual growth rate computed on the 
exported corpus (63.47%) should be interpreted in the context of an exported dataset rather than a complete census, the 
year-by-year counts consistently indicate increasing research activity and sustained momentum in CT-related deep learning 
applications for lung cancer. 

The year-by-year trend also provides a useful lens for interpreting the conceptual results reported later in the paper. When 
a domain grows this quickly, two dynamics typically occur in parallel: first, a stable methodological backbone becomes 
widely adopted (supporting a large number of incremental studies), and second, specialized substreams begin to mature 
around more focused tasks or evaluation setups. In the next sections, the dispersion across sources and the structure of 
keyword themes help distinguish between these two dynamics, clarifying whether growth is driven mainly by repeated 
applications of a common pipeline or by diversification into new methodological and clinically oriented directions. 

 

Fig. 1. Annual scientific production (exported core subset n = 200, 2017–2025) 

3.3. Source Distribution and Core Publication Venues 
 

The exported corpus is highly dispersed across publication outlets, with 200 articles appearing in 139 different sources. This 
dispersion matters because it signals that the research community is not operating within a single “home journal” ecosystem; 
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instead, contributions are spread across biomedical signal processing, medical imaging physics, applied AI, and multidisci-
plinary venues. In practice, this type of outlet dispersion often leads to heterogeneity in reporting conventions and evaluation 
practices, which is one reason scientometric mapping is useful for making the literature more navigable and comparable. 

At the same time, a small set of venues functions as consistent publication hubs. Fig. 4 visualizes the top outlets, highlighting 
a long-tail distribution where most sources contribute only a small number of papers.  Within the exported subset, Biomed-
ical Signal Processing and Control is the most productive source (10 articles; 5.0% of the corpus), followed by Scientific 
Reports (8; 4.0%) and Multimedia Tools and Applications (6; 3.0%). A second tier includes Medical Physics (5; 2.5%), 
Applied Sciences (Switzerland) (4; 2.0%), and IEEE Access (4; 2.0%). Although these counts do not imply that the field is 
dominated by a handful of journals, they do identify where the “core” of publishable work tends to accumulate within the 
exported dataset, which is useful both for positioning future submissions and for interpreting which communities are shap-
ing standards in this domain. 

 

Fig. 2. Top 10 publication venues in the exported core subset (n = 200) 

3.4. Author Productivity and Collaboration Structure 
 

The exported corpus reflects a strongly team-driven authorship pattern.  

 

Fig. 5 Top 20 authors by articles 

Across 200 articles, the dataset includes 883 unique authors and 1,067 author appearances, indicating that many contributors 
appear only once or a small number of times within the exported subset (See Fig. 5). This “broad base” is consistent with a 
rapidly growing interdisciplinary area where clinical researchers, imaging specialists, and machine learning teams contrib-
ute in parallel rather than being dominated by a small closed community. Collaboration intensity is high: the average number 
of co-authors per document is 5.33, and only three papers are single-authored. In practical terms, this suggests that the 
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dominant mode of production is multi-author work, which aligns with the complexity of clinical AI studies that typically 
require data access, clinical labeling, modeling expertise, and validation workflows. Productivity is nevertheless concen-
trated among a limited set of recurring contributors. When ranked by number of publications within the exported subset, 
the most productive authors include Zhang J. (7) and Zhang Y. (7), followed by several authors with five publications each 
(Gillies R.J., Li J., Liu L., Wang H., Wang J.). A further group of authors contribute four publications each (e.g., Bushara 
A.R., Chen H., Chen L., Chen Y., Huang Y., Liu Y., Wang X., Wang Z., Zhang C., Zhang X.). This pattern, few recurring 
authors plus many one-time contributors, often appears in fast-expanding domains, where early “anchor” teams shape di-
rection while the broader community scales applications, variants, and evaluation settings. 

3.5. Keyword Profile and Dominant Research Emphases 
 

Author keyword analysis (DE) demonstrates strong conceptual consolidation around deep learning and CT-centric lung 
cancer applications. The most frequent author keywords include “deep learning” (82), “lung cancer” (69), “convolutional 
neural network” (47), and “computed tomography” (40). “Radiomics” (27) appears prominently, indicating a substantial 
stream focused on quantitative imaging biomarkers and feature-based characterization. Task-oriented keywords such as 
“classification”, “computer-aided diagnosis”, and “lung cancer detection” appear repeatedly, consistent with dominant 
workflows that prioritize detection/classification and decision-support framing. Disease-specific granularity is also visible 
through “non-small cell lung cancer” (10), indicating that a subset of studies explicitly targets clinically meaningful subtypes 
rather than generic disease labeling (See Fig. 6). 

 

Fig. 6. Most frequent author keywords (DE) in the exported corpus. 

Index keywords (ID) provide a complementary but noisier descriptor layer. High-frequency index terms include generic 
descriptors such as “human”, “male”, “female”, and “article”, reflecting database indexing conventions rather than thematic 
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specificity. Nonetheless, ID terms also capture clinically relevant study-design and evaluation signals, including “retrospec-
tive study” (42), “diagnostic accuracy” (41), and “sensitivity and specificity” (45). Accordingly, conceptual interpretation 
in this study is primarily anchored in author keywords, while index keywords are used selectively to support interpretation 
of evaluation practices and clinical study framing. 

3.6. Thematic Mapping of Author Keywords 
 

The thematic map derived from author keywords (Fig. 7) provides a structured view of how research topics are positioned 
and interconnected within the field. By jointly considering centrality, which reflects the extent of a theme’s interaction with 
other themes, and density, which reflects its internal development, the map distinguishes between foundational, driving, 
specialized, and emerging thematic areas. At the core of the map, two highly central basic themes—lung cancer (rCentrality 
= 10, rDensity = 4) and CNN (rCentrality = 11, rDensity = 1)—form the primary conceptual backbone of the literature. 
Their position in the high-centrality region indicates that they are deeply embedded across multiple research streams and 
serve as common reference points for a wide range of studies. However, their comparatively lower density suggests that 
these themes are not internally homogeneous; rather, they bring together diverse subtopics such as detection, classification, 
prognosis, and image-based feature analysis. In this sense, they function more as integrative hubs than as tightly bounded 
methodological niches. 

 

Fig. 7. Thematic map of author keywords (DE) based on centrality and density, showing the distribution of basic, motor, 
niche, and emerging/declining themes. 

 

A further basic theme centered on deep learning (theme frequency = 149; rCentrality = 6; rDensity = 3) reinforces the 
stability of the field’s CT-centered deep learning backbone. In contrast, the motor themes represent areas where the field is 
both methodologically cohesive and actively evolving. One such theme focuses on model optimization and generalization, 
including machine learning, transfer learning, and EfficientNet (rCentrality = 8; rDensity = 10), indicating a well-developed 
and influential line of work with broad applicability across tasks. A second motor theme combines computed tomography 
(CT), CNN, feature extraction, and lung nodule classification (rCentrality = 7; rDensity = 6), highlighting the continued 
dominance of CT-based classification pipelines while also pointing to feature-oriented modeling strategies. 

At the same time, a distinct niche theme emerges around lung nodule detection, 3D CNN, and CT images (rCentrality = 3; 
rDensity = 11), suggesting a technically mature but relatively specialized subfield with weaker integration into the broader 
conceptual network. At the periphery, low-frequency micro-themes such as data augmentation (theme frequency = 3; rCen-
trality = 5; rDensity = 2) should be interpreted cautiously, as they may reflect either genuinely emerging directions or 
inconsistency in keyword assignment across studies. Taken together, the thematic structure suggests a field that is concep-
tually stable at its core, with a strong dependence on CT-centric deep learning pipelines, while continuing to evolve through 
targeted methodological refinement in generalization, optimization, and specialized detection tasks. Fig. 7 and Table 2 
jointly summarize the distribution of these themes across the four thematic quadrants. 

 

 



H. Z. Forooshani et al. / Scientometrica 2 (2026) 
 

129 

Table 2  
Thematic structure of author keywords (DE): theme labels, frequency, centrality, density, and quadrant. 

Theme Freq. Centr. Dens. Quadrant 
Lung cancer 181 10.0 4.0 Basic 
CNN 86 11.0 1.0 Basic 
Deep learning 149 6.0 3.0 Basic 
Machine learning 39 8.0 10.0 Motor 
CT 28 7.0 6.0 Motor 
Computer-aided diagnosis 35 9.0 5.0 Basic 
Lung nodule detection 18 3.0 11.0 Niche 
Chest CT image 5 4.0 8.0 Niche 
Data augmentation 3 5.0 2.0 Emerging/Declining 
CT scan images 2 1.5 8.0 Niche 
Deep CNNs 2 1.5 8.0 Niche 

 

 
Fig. 8. VOSviewer keyword co-occurrence network in the exported core subset. Node size reflects keyword frequency, 
and link proximity reflects co-occurrence strength. 

To complement the thematic map, Fig. 8 presents a VOSviewer-based keyword co-occurrence visualization of the exported 
corpus. The network highlights the proximity of broad diagnostic, imaging, and disease-related terms and provides an ad-
ditional visual perspective on the conceptual organization of the literature. Because such visualizations may also reflect 
database-assigned indexing practices, Fig. 8 is used here as a supplementary illustration rather than as the primary basis for 
conceptual interpretation. The main conceptual conclusions of this study remain grounded in author keywords (DE) and the 
thematic structure summarized in Fig. 7 and Table 2. 

3.7. Citation Overview and Most Influential Documents 
Citation indicators for the exported corpus reveal a meaningful concentration of influence within a relatively recent body 
of literature. Across the 200 documents included in the analysis, 175 had received at least one citation, and the corpus 
accumulated a total of 7,167 citations, corresponding to a corpus-level h-index of 42. These figures indicate that the exported 
subset is not dominated by marginally cited publications; rather, it contains a substantial number of studies that have already 
shaped subsequent work in the field. Given the relatively low average document age reported earlier in the paper, this level 
of citation accumulation also suggests that research on deep learning applications in lung cancer CT imaging has developed 
within a highly active and rapidly consolidating citation environment.  

The most cited studies further clarify where influence is concentrated. In the exported corpus, the highest-cited document 
is Xu et al. (2019) in Clinical Cancer Research (TC = 543), followed by Hosny et al. (2018) in PLOS Medicine (TC = 484) 
and Wang et al. (2017) in Medical Image Analysis (TC = 438). Taken together, the top-cited documents show that influence 
is distributed across several major lines of work, including treatment response prediction, prognostication, segmentation, 
pulmonary nodule detection, histology classification, and multimodal or biomarker-oriented prediction. Rather than being 
dominated by a single task, the citation profile reflects a field in which both clinically oriented questions and technically 
enabling methods have attracted substantial attention.  

More broadly, this citation structure suggests that methodological innovation and clinical relevance have advanced in par-
allel. Foundational technical studies—particularly those focused on segmentation and detection—remain highly cited be-
cause they provide reusable infrastructure for later work, while clinically framed studies gain visibility when they move 
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beyond proof-of-concept classification toward outcomes such as prognosis, treatment response, or decision-relevant bi-
omarkers. This balance is important for interpreting field maturity: the literature is no longer shaped solely by architectural 
experimentation, but increasingly by whether technical advances can support clinically meaningful and potentially action-
able applications. In this sense, the citation profile reinforces the view that the field is consolidating around a stable CT–
deep learning backbone while progressively rewarding work with clearer translational relevance.  

Table 3 
Top 15 cited documents in the exported core subset (n = 200). 

First author Year Main focus Contribution type Source TC 

Xu 2019 Treatment response prediction from se-
rial imaging Clinical endpoint Clinical Cancer Research 543 

Hosny 2018 Lung cancer prognostication using deep 
learning and radiomics Clinical endpoint PLOS Medicine 484 

Wang 2017 Lung nodule segmentation Technical method Medical Image Analysis 438 

Xie 2019 Automated pulmonary nodule detection Technical method Pattern Recognition 425 

Ibrahim 2021 Multi-class chest disease classification Diagnostic classification Computers in Biology and 
Medicine 351 

Chaunzwa 2021 Histology classification from CT im-
ages Diagnostic classification Scientific Reports 233 

Kumar 2020 PET-CT feature fusion Hybrid / multimodal IEEE Transactions on Medi-
cal Imaging 217 

Toğaçar 2020 Lung cancer detection with feature se-
lection and CNN Technical method Biocybernetics and Biomed-

ical Engineering 194 

Zhao 2018 Pulmonary nodule classification Diagnostic classification Int. J. Comput. Assist. Ra-
diol. Surg. 177 

Tian 2021 PD-L1 prediction and immunotherapy 
response Clinical endpoint Theranostics 131 

Zhang 2019 Lung cancer detection and classification Diagnostic classification The Oncologist 129 

Marentakis 2021 Histology classification using radiomics 
and deep learning Hybrid / multimodal Med. Biol. Eng. Comput. 124 

Monkam 2019 Survey of pulmonary nodule detection 
and classification Review IEEE Access 113 

Polat 2019 Hybrid 3D CNN for pulmonary CT 
classification Technical method Applied Sciences 113 

Hu 2020 CT lung segmentation using Mask R-
CNN Technical method Artificial Intelligence in 

Medicine 110 

Note. Documents are ordered by total citations (TC) in descending order. Contribution type was assigned based on the primary emphasis of each study. 

3.8. Geographic Participation and International Collaboration 
Country-level indicators derived from affiliation metadata show that research output in the exported corpus is geograph-
ically concentrated. Based on fractional counting, China is the largest contributor with 61.1 fractional documents, followed 
by India with 56.4 and the United States with 14.6 (See Fig. 9).  

 

Fig. 9. Top contributing countries in the exported core subset based on fractional counting. 

A second tier includes countries such as Turkey (8.33), Saudi Arabia (6.37), and Korea (6.2), while smaller contributions 
are distributed across several other regions. This pattern suggests that the field is driven primarily by a limited number of 
national research systems, even though participation is not restricted to a single geographic region. Overall, the country 
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distribution indicates a broad international footprint, but with a clearly uneven concentration of output across leading con-
tributors. International collaboration is present but not dominant in the corpus. A total of 43 multi-country publications were 
identified, corresponding to an international co-authorship rate of 21.5%. This suggests that although cross-border collabo-
ration exists, most studies are still produced within single-country research settings. In a field such as medical imaging AI, 
where external validation and protocol heterogeneity are especially important, this level of internationalization may be 
interpreted as moderate rather than strong, indicating meaningful global interaction but not yet the degree of collaborative 
integration typically associated with large-scale multi-center validation across highly heterogeneous clinical environments. 

The collaboration structure further shows that international connectivity is organized around a limited number of central 
hubs. In terms of collaboration strength, China (105), India (71), and the United States (45) emerge as the most connected 
countries in the network. The strongest bilateral collaboration link is China–United States (link strength = 10), followed by 
smaller but recurring links such as China–India and Netherlands–United States (3 each). These results suggest that interna-
tional collaboration in the field is not evenly distributed, but instead clustered around a few highly connected countries that 
play a central role in linking different parts of the global research network. Taken together, the geographic and collaboration 
patterns indicate a field with expanding international participation, yet one whose strongest research and validation capacity 
remains concentrated in a relatively small number of national hubs. 

Table 4 
Top contributing countries in the exported core subset (fractional counting) 

Country Fractional documents Country Fractional documents 
China 61.10 Korea 6.20 
India 56.40 Tunisia 4.00 
United States 14.60 Malaysia 3.50 
Turkey 8.33 Germany 3.25 
Saudi Arabia 6.37 Iran 3.25 

Note. Country output was calculated using fractional counting based on affiliation metadata. 

 

Table 5 
Top country collaboration pairs in the exported core subset (link strength ≥ 2). 

Country 1 Country 2 Link strength 
China United States 10 
China India 3 

Netherlands United States 3 
China Saudi Arabia 3 
Egypt Saudi Arabia 3 

Germany United States 2 
India Saudi Arabia 2 
China Hong Kong 2 
China United Arab Emirates 2 

Note. Link strength reflects the frequency of co-authorship links between country pairs in the exported corpus. 

4. Discussion 

4.1. Interpreting Growth and Consolidation in The Exported Corpus 
The exported corpus shows a clear upward trajectory in annual scientific production between 2017 and 2025, culminating 
in 51 articles in 2025 and accelerating notably after 2021 (Fig. 3). Although this trend reflects the exported subset rather 
than the full universe of Scopus query matches, it remains analytically meaningful because the exported records represent 
the part of the literature for which complete bibliometric fields, including citations, references, keywords, and affiliations, 
were available for systematic analysis. In fast-evolving medical AI domains, such growth often reflects two concurrent 
processes: an expansion in overall research activity and a parallel consolidation around methodological templates that are 
repeatedly adapted across related clinical and technical applications. 

Citation indicators reinforce the view that this is not simply a growing field, but one expanding within a highly active 
attention environment. As reported earlier (Table 1), the corpus includes 175 cited documents and has accumulated 7,167 
total citations, with a corpus-level h-index of 42 despite a relatively low average document age of 3.3 years. This combina-
tion suggests that influential studies are being produced and recognized quickly, which is typical of research areas that 
address a high-burden clinical problem while also drawing on a high-momentum technical paradigm (Sung et al., 2021). At 
the same time, rapid citation accumulation raises the threshold for meaningful contribution: once baseline CT–CNN pipe-
lines become widely established and heavily cited, incremental architectural variation alone becomes less defensible unless 
it is accompanied by stronger evidence of novelty, robustness, or clinical usefulness. 

A second signal of consolidation is visible in the conceptual backbone of the field. As shown in Sections 3.5 and 3.6, the 
dominant terms remain centered on deep learning, lung cancer, CNNs, and computed tomography, indicating that the liter-
ature has converged around a stable CT-based deep learning framework and its core diagnostic tasks. Such stabilization is 
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not inherently restrictive; rather, it often reflects the emergence of shared problem formulations and more comparable eval-
uation practices. However, it also implies diminishing returns for studies that remain confined to narrow single-site appli-
cations without addressing broader translational concerns. In medical imaging AI, progress toward clinical adoption depends 
not only on technical accuracy, but also on generalizability, transparent reporting, and robustness across heterogeneous real-
world settings (Kelly et al., 2019; Snoeckx et al., 2021). From this perspective, the most defensible future contributions are 
likely to be those that move beyond routine pipeline replication and instead emphasize multi-center validation, clinically 
meaningful endpoints, and deployment-oriented evaluation. 

4.2. Thematic Structure and What It Implies About Field Maturity 
The thematic structure of the exported corpus provides a useful lens for assessing how mature the field has become. As 
shown in the thematic map (Fig. 7) and summarized in Table 2, lung cancer and CNN emerge as highly central basic themes, 
which indicates that the literature is strongly connected through a shared disease focus and a common deep-learning frame-
work. At the same time, their comparatively lower density suggests that these themes function less as tightly bounded 
research niches and more as broad conceptual anchors linking multiple substreams, including detection, classification, seg-
mentation, prognosis, and feature-based analysis. This kind of pattern is typical of a field that has already converged on a 
recognizable methodological backbone, but is still internally diverse in how that backbone is applied across datasets, tasks, 
and clinical questions. 

A stronger sign of methodological maturity is visible in the motor themes. The cluster centered on machine learning, transfer 
learning, image classification, and EfficientNet suggests that the field is no longer limited to simply adopting CNNs as a 
default solution, but is actively refining them in response to practical constraints such as limited data, heterogeneity, and 
overfitting. Likewise, the motor theme linking computed tomography (CT), CNN, feature extraction, and lung nodule clas-
sification points to a mature CT-centered pipeline that is still evolving through optimization and representational refinement 
rather than through wholesale conceptual change. The appearance of feature extraction within this cluster is especially 
important, because it suggests an ongoing hybridization between end-to-end deep learning and more interpretable or engi-
neered representations, a pattern that is broadly consistent with the continuing relevance of radiomics in medical imaging 
research (Gillies et al., 2016). Viewed together, these motor themes suggest a field that is advancing through focused meth-
odological deepening rather than through expansion into entirely new conceptual territory. This refinement-oriented layer 
is also reflected in studies exploring transferable texture-based CNNs, capsule networks, transfer learning, architecture 
comparison, attention-guided classification, and empirical feature-comparison strategies (Ali et al., 2020; Bushara et al., 
2020; Çay & Çinar, 2021; Ashhar et al., 2021; Chen et al., 2021; Hammad et al., 2025). 

The niche and peripheral themes add a final layer to this maturity profile. The niche cluster around lung nodule detection, 
3D CNN, and CT images appears technically well developed but relatively weakly connected to the broader conceptual 
network, which implies specialization rather than broad field-wide integration. This likely reflects the heavier computational 
and data requirements associated with 3D modeling, which can support methodological sophistication without necessarily 
becoming central to the entire literature. At the same time, low-frequency micro-themes such as data augmentation should 
be interpreted cautiously: they may reflect genuine emerging directions, but they may also result from inconsistent keyword 
assignment or fragmentation in terminology. For this reason, the thematic structure points to a field that is mature in its core 
architecture and task framing, yet still uneven in how strongly translation-oriented priorities, such as robustness, interpret-
ability, and deployment readiness, are represented as dominant conceptual themes. This observation is important because, 
in medical AI, clinical adoption depends not only on technical performance but also on generalizability, transparent report-
ing, and meaningful alignment with real-world decision contexts (Kelly et al., 2019). 

4.3. Citation Structure and What the Most Influential Papers Suggest 
The citation profile of the exported corpus shows that influence is concentrated in a relatively limited subset of publications. 
As noted earlier, the corpus h-index reaches 42, which means that a substantial number of papers have already achieved a 
high citation threshold despite the relatively recent time span of the dataset. More importantly, the most influential docu-
ments do not cluster around a single narrow task. Instead, as summarized in Table 3, the highly cited segment of the literature 
includes both clinically oriented studies and technically foundational contributions. This pattern suggests that influence in 
the field is shaped not only by methodological novelty, but also by the extent to which a study provides reusable technical 
infrastructure or addresses clinically meaningful questions. 

A closer look at the most cited papers helps clarify where that influence is concentrated. The highest-ranked studies include 
work on treatment response prediction by Xu et al. (2019), prognostication by Hosny et al. (2018), and technically founda-
tional contributions such as lung nodule segmentation by Wang et al. (2017). When considered together, these studies sug-
gest that the field’s citation economy rewards two broad forms of contribution: first, enabling methods that later studies can 
build on, especially in segmentation and detection; and second, clinically aligned work that connects imaging AI to out-
comes such as prognosis, treatment response, or biomarker-related decision support. The same pattern is visible in highly 
cited work on PET-CT fusion, PD-L1 prediction, and histology-related classification, where technical modeling becomes 
more influential when linked to clinically interpretable targets (Kumar et al., 2020; Tian et al., 2021; Chaunzwa et al., 2021)  
.This is consistent with the wider direction of medical AI, where influence tends to grow when technical advances become 
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more clearly connected to clinically actionable questions rather than remaining limited to proof-of-concept performance 
reporting (Kelly et al., 2019).  

At the same time, the citation structure also points to an important limitation in the field’s current stage of development. 
Clinical relevance appears to correlate with influence, but not every clinically framed study becomes highly influential 
simply by virtue of its endpoint. The papers that attract the strongest attention typically combine clinical framing with 
additional strengths such as multi-cohort design, clearer validation logic, or stronger methodological rigor. This creates a 
familiar pattern in healthcare AI: the most visible papers point toward clinical integration, while a large share of the broader 
literature remains closer to retrospective method demonstration on local datasets. In this sense, the real gap in the field is 
not the absence of new architectures—your thematic results already show ongoing optimization and transfer-learning 
streams, but the incomplete conversion of methodological maturity into translation-ready evidence. What remains insuffi-
ciently dominant are not techniques alone, but broader forms of evidence such as external validation, robustness across 
imaging settings, generalizability across institutions, and evaluation designs aligned with clinical risk and decision-making 
(Hosny et al., 2018; Kelly et al., 2019). 

4.4. Geographic Concentration, Collaboration Hubs, and Implications for Validation Capacity 
The geographic distribution of the exported corpus suggests that research activity in this field remains concentrated within 
a limited number of national systems. As shown earlier in Table 4, China and India account for the largest fractional shares 
of publication output, while the United States contributes a smaller but still strategically important share. This kind of 
concentration is not unusual in applied AI domains, where publication volume and technical capacity often cluster in a 
relatively small number of countries. However, in CT-based lung cancer modeling, what matters is not publication volume 
alone, but how this concentration interacts with clinical generalizability. Because model performance can be affected by 
variation in acquisition parameters, reconstruction settings, screening protocols, and population characteristics, heavy con-
centration within a narrow set of research environments may limit the portability of reported findings across broader clinical 
settings (Snoeckx et al., 2021). 

The collaboration profile adds an important second layer to this interpretation. As reported in Section 3.8, the corpus con-
tains 43 multi-country publications, corresponding to an international co-authorship rate of 21.5%, which points to mean-
ingful but still moderate internationalization. At the same time, the strongest collaboration patterns remain organized around 
a small number of hubs, particularly China, India, and the United States, with China–United States emerging as the strongest 
bilateral link and only a limited number of other recurring cross-border partnerships appearing at lower strength. This sug-
gests that international collaboration is present, but still hub-centric rather than broadly distributed. In practice, such hub-
centered collaboration can create pockets of relatively strong validation capacity, especially when multi-center data sharing 
is involved, but it does not automatically ensure diversity in protocols, institutions, or patient populations. 

From a discussion perspective, the key implication is that validation capacity in the field may still be narrower than the 
apparent scale of research output suggests. A literature can expand rapidly and still remain vulnerable to hidden homogeneity 
if many studies are developed and validated within overlapping institutional, technical, or geographic contexts. In medical 
AI, clinical adoption depends not only on accuracy, but also on robustness across heterogeneous real-world environments, 
transparent evaluation, and evidence that models remain reliable beyond their original development setting (Kelly et al., 
2019). For this reason, the collaboration structure observed here supports a translation-oriented conclusion: if the field is to 
produce models that are genuinely usable across diverse clinical environments, it will require broader multi-center valida-
tion networks, more distributed collaboration patterns, and benchmarking infrastructures that extend beyond a limited num-
ber of dominant hubs. 

4.5. Research Gaps and Future Directions Implied by the Evidence 
The evidence presented in this study supports a gap narrative that is grounded in the results rather than in broad speculation. 
The dominant conceptual anchors of the field, deep learning, CNNs, and CT imaging, together with the structure of the 
motor themes, point to clear methodological consolidation. At the same time, the citation profile shows that the most influ-
ential studies tend to be those that move closer to clinically meaningful targets, such as treatment response, prognosis, or 
biomarker-related prediction, rather than remaining limited to conventional detection or classification tasks. The central 
gap, therefore, is best understood not as a lack of technical activity, but as an imbalance between the scale of methodological 
development and the scale of translation-ready evidence. In practical terms, the field appears technically mature enough to 
support more clinically consequential work, yet much of the literature still stops short of the forms of validation and evalu-
ation needed for routine clinical adoption (Kelly et al., 2019). 

A first priority for future research is to elevate external validation and robustness assessment from secondary checks to 
primary contribution types. In a domain shaped by variation in scanners, acquisition protocols, reconstruction settings, and 
population characteristics, future studies should explicitly evaluate performance under dataset shift, report calibration and 
uncertainty, and document sensitivity to protocol differences rather than treating such analyses as optional additions. A 
second priority is to push the field beyond detection- and classification-dominant workflows toward more decision-aligned 
endpoints. As already suggested by the top-cited studies in the corpus, outputs such as prognosis, treatment response, risk 
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stratification, and staging-related prediction are more directly connected to clinical decision-making than malignancy clas-
sification alone. This direction is also consistent with broader calls in medical AI to move from proof-of-concept perfor-
mance toward clinically interpretable and decision-relevant utility (Kelly et al., 2019; Sung et al., 2021). 

A third gap concerns the relatively limited role of multimodal and evidence-oriented integration within the conceptual back-
bone of the field. Although radiomics is visible in the author-keyword structure and PET/CT appears within the thematic 
profile, the literature remains predominantly CT–CNN centered. Future progress is therefore likely to depend not simply 
on adding more inputs, but on integrating imaging with structured clinical variables, pathology, and molecular markers in 
ways that improve interpretability and demonstrate added value beyond CT-only baselines (Gillies et al., 2016). Finally, 
variability in reporting and evaluation practices appears to remain a structural issue in the field. Given the dispersion of the 
corpus across 139 sources, greater consistency in benchmarking, reporting standards, and reproducible analytic workflows 
would likely strengthen the field’s translation-ready evidence base. From this perspective, the next phase of the field should 
not be defined only by better models, but also by stronger evidence frameworks that make those models more clinically 
trustworthy and transferable across settings. 

5. Conclusion and Future Works 

5.1. Summary of Core Findings 
This scientometric analysis provides a structured overview of how research on deep learning applications in lung cancer 
diagnosis using CT images has evolved between 2017 and 2025. Based on the exported core subset of 200 Scopus-indexed 
journal articles, the findings show a field that has expanded rapidly in recent years while also becoming more conceptually 
and methodologically consolidated. Annual scientific production increased sharply over the study period, and the citation 
profile indicates that influential work has accumulated quickly despite the relatively recent average age of the corpus. To-
gether, these patterns suggest that CT-based lung cancer imaging AI has moved beyond an early exploratory stage and has 
developed into a recognizable and highly active research domain. 

At the conceptual level, the literature is organized around a stable backbone defined by lung cancer, deep learning, CNN-
based modeling, and computed tomography, while the thematic structure also reveals more specialized lines of development. 
The thematic map shows that broad CT-centered deep learning workflows now function as the field’s main intellectual core, 
whereas motor themes indicate ongoing refinement in areas such as transfer learning, feature extraction, and model optimi-
zation. Citation patterns further demonstrate that the most influential studies are not limited to technical method develop-
ment alone; rather, they increasingly connect imaging AI to clinically meaningful targets such as prognosis, treatment re-
sponse, histology-related prediction, and biomarker-informed decision support. This combination of thematic consolidation 
and citation concentration suggests that the field has reached a stage of methodological maturity in which value is increas-
ingly determined by translational relevance rather than by architectural novelty alone. 

At the same time, the findings also point to several limits that continue to shape the field’s next stage of development. 
International participation is visible but still moderately distributed, with output and collaboration concentrated around a 
relatively small number of national hubs, especially China, India, and the United States. More importantly, the broader 
evidence base still appears uneven in terms of translation-ready validation. Taken together, the results suggest that the major 
challenge facing the field is no longer the absence of technical activity, but the incomplete conversion of methodological 
progress into clinically robust and generalizable evidence. In this sense, the field is advancing toward clinical relevance, 
but its future progress will depend increasingly on stronger external validation, more decision-aligned endpoints, broader 
collaboration networks, and more consistent evidence frameworks for deployment-oriented medical AI (Kelly et al., 2019; 
Sung et al., 2021). 

5.2. Contributions and Implications of the Scientometric Evidence 
This study contributes to the literature by providing an evidence-based view of how research on deep learning applications 
in lung cancer diagnosis using CT images is currently structured and where its main sources of influence are concentrated. 
By combining publication trends, thematic mapping, citation patterns, and collaboration indicators, the analysis shows that 
the field has already consolidated around a stable CT-centered deep learning backbone, while still displaying uneven ma-
turity across its thematic and translational dimensions. 

The implications of this mapping are equally important. The evidence suggests that future high-value contributions are 
unlikely to come from incremental architectural variation alone, and are more likely to emerge from work that strengthens 
external validation, targets clinically meaningful endpoints, and improves the robustness and transferability of CT-based 
deep learning systems. In this sense, the scientometric findings do not simply summarize the field; they help clarify what 
kinds of research are most likely to advance its clinical relevance and long-term credibility (Kelly et al., 2019). 

5.3. Practical Research Agenda Derived from the Mapping 
A practical, translation-oriented research agenda follows directly from the thematic structure, citation profile, and collabo-
ration patterns observed in this study. First, external validation and robustness assessment should be treated as primary 
contribution types rather than secondary checks. In CT-based lung cancer modeling, variation in scanners, acquisition pro-
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tocols, reconstruction settings, and patient populations can materially alter model performance, making single-center retro-
spective results insufficient as a basis for clinical deployment. Future studies should therefore place greater emphasis on 
dataset-shift analysis, calibration, uncertainty reporting, and cross-institution portability. 

Second, future research should increasingly be framed around clinical decisions rather than intermediate technical tasks. 
While detection and classification remain central to the literature, the citation structure suggests that studies linked to prog-
nosis, treatment response, and other clinically meaningful targets tend to achieve greater influence. This indicates that de-
cision-aligned endpoints are not only clinically relevant, but also scientifically valued within the field. Future work should 
therefore prioritize outcomes such as risk stratification, staging-related prediction, recurrence likelihood, and therapy selec-
tion support, while adopting evaluation strategies that reflect clinical consequences rather than performance metrics alone. 

Third, multimodal integration should be approached as an evidence problem rather than as a simple input-stacking exercise. 
Although radiomics and PET/CT signals are visible within the corpus, the conceptual backbone remains predominantly 
CT–CNN centered. Integrating CT with structured clinical variables, pathology indicators, and molecular biomarkers may 
improve clinical relevance and support more personalized prediction, but such integration must demonstrate clear added 
value beyond CT-only baselines. This requires rigorous comparative evaluation, including ablation designs, external vali-
dation across heterogeneous cohorts, and transparent assessment of whether multimodal fusion genuinely improves deci-
sion-relevant performance. Finally, reporting consistency and reproducible evaluation practices should be treated as part of 
the field’s research agenda rather than as secondary editorial concerns. Given the dispersion of the corpus across 139 
sources, greater consistency in benchmarking, reporting standards, and reproducible analytic workflows would likely 
strengthen the field’s translation-ready evidence base and reduce fragmentation across future studies. 

5.4. Limitations and Scope Boundaries 

The findings of this study should be interpreted within the scope of the exported Scopus corpus rather than as a complete 
representation of all research on deep learning applications in lung cancer diagnosis. Although Scopus provides broad cov-
erage of medical imaging, biomedical engineering, and applied AI publications, studies indexed exclusively in other data-
bases were not included in the present analysis. Accordingly, the scientometric results are best understood as a focused and 
reproducible snapshot of the exported dataset used for bibliometric processing, rather than as a full census of all query-
matched literature. 

A second scope boundary concerns keyword-based inference. Thematic interpretation depends partly on the consistency of 
author keyword assignment, which means that small or peripheral themes may sometimes reflect differences in labeling 
practice rather than fully stabilized research streams. This is particularly relevant when interpreting low-frequency micro-
themes. However, the combined use of author keyword analysis, thematic mapping, citation profiling, and collaboration 
indicators still provides a robust multi-angle characterization of the exported corpus and supports the main conclusions 
drawn in this study. 

5.5. Future Works 
Future work can strengthen and extend the present study in several practical directions. First, repeated scientometric snap-
shots over time could support a more explicit analysis of thematic evolution, making it possible to track whether topics such 
as robustness, external validation, uncertainty, and clinical translation become more central in the field rather than remaining 
peripheral or inconsistently labeled. This would move the analysis beyond a single-period mapping and allow the literature 
to be interpreted as a dynamic system rather than a static conceptual snapshot. 

Second, future extensions could incorporate reference-network analyses, particularly co-citation and bibliographic coupling, 
to reveal the intellectual structure of the field more precisely than keyword-based methods alone. While keyword mapping 
is useful for identifying visible conceptual patterns, reference-based techniques can better show foundational knowledge 
bases, intellectual lineages, and the relationships between emerging and established research streams. In parallel, the inte-
gration of journal-level or field-normalized citation indicators could improve cross-year and cross-venue comparability by 
reducing the influence of age-related citation advantage in profiling influential work. 

A further direction is to deepen the analysis at the level of institutions, funding structures, and research infrastructure, where 
metadata completeness allows such exploration. This could clarify how clinical partnerships, resource concentration, and 
organizational capacity shape not only publication productivity, but also the field’s ability to produce more translation-ready 
evidence. In this sense, future work should aim not only to expand the descriptive scope of the mapping, but also to 
strengthen its explanatory power by linking bibliometric structure more directly to the conditions that enable robust and 
clinically meaningful AI research. 

5.6. Concluding Remarks 
Overall, the scientometric evidence presented in this study indicates that research on deep learning applications in lung 
cancer diagnosis using CT images has evolved into a conceptually consolidated and methodologically active field. The 
exported corpus shows a stable CT-centered deep learning backbone, supported by strong publication growth, a concentrated 
set of influential studies, and thematic patterns that reflect both technical refinement and increasing attention to clinically 
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meaningful prediction tasks. At the same time, the analysis suggests that the next stage of progress will depend less on 
incremental architectural novelty and more on the strength of evaluation design, external validation, multimodal integration, 
and evidence frameworks that support credible translation into clinical workflows. In this sense, the field is no longer de-
fined primarily by whether deep learning can be applied to CT-based lung cancer imaging, but by how convincingly such 
models can be validated, interpreted, and positioned for real-world clinical use. 

References  
Akila Agnes, S., & Anitha, J. (2020). Appraisal of deep-learning techniques on computer-aided lung cancer diagnosis with 

computed tomography screening. Journal of Medical Physics, 45(2), 98–106. https://doi.org/10.4103/jmp.JMP_101_19 
Ali, I., Muzammil, M., Ul Haq, I. U., Khaliq, A. A., & Malik, S. (2020). Efficient lung nodule classification using transfer-

able texture convolutional neural network. IEEE Access, 8, 175859–175870. https://doi.org/10.1109/AC-
CESS.2020.3026080 

Ashhar, S. M., Mokri, S. S., Abd. Rahni, A. A. A., Huddin, A. B., Zulkarnain, N., Azmi, N. A., & Mahaletchumy, T. (2021). 
Comparison of deep learning convolutional neural network (CNN) architectures for CT lung cancer classification. In-
ternational Journal of Advanced Technology and Engineering Exploration, 8(74), 126–134. 
https://doi.org/10.19101/IJATEE.2020.S1762126 

BabuKumar, S., & Vinoth Kumar, M. (2025). Lung cancer detection and classification with optimal feature selection and 
two-fold-deep-learning-classifiers. Multimedia Tools and Applications, 84(37), 46021–46063. 
https://doi.org/10.1007/s11042-025-22848-4 

Bushara, A. R., Rayavarapu, K., Vennam, S., & Bakthavatchalam, R. (2020). Classification of lung cancer using capsule 
networks. International Journal of Advanced Science and Technology, 29(7), 22945–22958. 

Çay, T., & Çinar, A. (2021). Deep learning-based lung cancer detection from CT images using transfer learning. Intelli-
gence-Based Medicine, 5, Article 100044. https://doi.org/10.1016/j.ibmed.2021.100044 

Chaunzwa, T. L., Hosny, A., Xu, Y., Shafer, A., Diao, N., Lanuti, M., Christiani, D. C., Mak, R. H., & Aerts, H. J. W. L. 
(2021). Deep learning classification of lung cancer histology using CT images. Scientific Reports, 11, Article 5471. 
https://doi.org/10.1038/s41598-021-84630-x 

Chen, H., Dou, Q., Yu, L., & Heng, P.-A. (2017). End-to-end automatic detection of pulmonary nodules in CT images with 
deep residual networks. IEEE Transactions on Medical Imaging, 36(10), 2087–2097. 
https://doi.org/10.1109/TMI.2017.2705920 

Chen, S., Qin, Y., & Zhang, Y. (2021). Attention-based deep learning for pulmonary nodule classification in CT images. 
Computers in Biology and Medicine, 134, Article 104474. https://doi.org/10.1016/j.compbiomed.2021.104474 

Ciompi, F., Chung, K., van Riel, S. J., Setio, A. A. A., Gerke, P. K., Jacobs, C., Scholten, E. T., Schaefer-Prokop, C. M., 
Wille, M. M. W., Marchianò, A., & van Ginneken, B. (2017). Towards automatic pulmonary nodule management in 
lung cancer screening with deep learning. Scientific Reports, 7, Article 46479. https://doi.org/10.1038/srep46479 

Firmino, M., Morais, A. H. S., Mendonça, R. M., Dantas, M. R., Hekis, H. R., & Valentim, R. (2016). Computer-aided 
detection system for lung cancer in computed tomography scans: Review and future prospects. BioMedical Engineering 
OnLine, 15(1), 130. https://doi.org/10.1186/s12938-016-0240-1 

Gillies, R. J., Kinahan, P. E., & Hricak, H. (2016). Radiomics: Images are more than pictures, they are data. Radiology, 
278(2), 563–577. https://doi.org/10.1148/radiol.2015151169 

Hammad, M., El-Affendi, M., El-Latif, A. A. A., Ateya, A. A., Ali, G., & Pławiak, P. (2025). Explainable AI for lung 
cancer detection via a custom CNN on CT images. Scientific Reports, 15(1), 12707. https://doi.org/10.1038/s41598-
025-97447-9 

Hosny, A., Parmar, C., Coroller, T., Grossmann, P., Zeleznik, R., Kumar, A., Bussink, J., Gillies, R. J., Mak, R. H., & Aerts, 
H. J. W. L. (2018). Deep learning for lung cancer prognostication: A retrospective multi-cohort radiomics study. PLOS 
Medicine, 15(11), e1002711. https://doi.org/10.1371/journal.pmed.1002711 

Kelly, C. J., Karthikesalingam, A., Suleyman, M., Corrado, G., & King, D. (2019). Key challenges for delivering clinical 
impact with artificial intelligence. BMC Medicine, 17, Article 195. https://doi.org/10.1186/s12916-019-1426-2 

Kumar, A., Fulham, M., Feng, D., & Kim, J. (2020). Co-learning feature fusion maps from PET-CT images of lung cancer. 
IEEE Transactions on Medical Imaging, 39(1), 204–217. https://doi.org/10.1109/TMI.2019.2923601 

Kumar, D., Wong, A., Clausi, D. A., & Zwiggelaar, R. (2017). Lung nodule classification using deep features in CT images. 
Pattern Recognition, 73, 218–231. https://doi.org/10.1016/j.patcog.2017.08.009 

Lambin, P., Leijenaar, R. T. H., Deist, T. M., Peerlings, J., de Jong, E. E. C., van Timmeren, J., & others. (2017). Radiomics: 
The bridge between medical imaging and personalized medicine. Nature Reviews Clinical Oncology, 14(12), 749–762. 
https://doi.org/10.1038/nrclinonc.2017.141 

Li, W., Cao, P., Zhao, D., & Wang, J. (2019). Pulmonary nodule classification with deep convolutional neural networks on 
CT images. Computer Methods and Programs in Biomedicine, 172, 19–24. https://doi.org/10.1016/j.cmpb.2019.02.004 

Liu, H., Cao, H., Song, E., & others. (2020). Multi-task deep learning for lung nodule detection and classification in low-
dose CT. Medical Physics, 47(2), 870–884. https://doi.org/10.1002/mp.13971 

Mastouri, R., Nawres, K., Néji, H., & Hantous-Zannad, S. (2020). Deep learning-based CAD schemes for the detection and 
classification of lung nodules from CT images: A survey. Journal of X-Ray Science and Technology, 28(4), 591–617. 
https://doi.org/10.3233/XST-200662 

https://doi.org/10.4103/jmp.JMP_101_19
https://doi.org/10.1109/ACCESS.2020.3026080
https://doi.org/10.1109/ACCESS.2020.3026080
https://doi.org/10.19101/IJATEE.2020.S1762126
https://doi.org/10.1007/s11042-025-22848-4
https://doi.org/10.1016/j.ibmed.2021.100044
https://doi.org/10.1038/s41598-021-84630-x
https://doi.org/10.1109/TMI.2017.2705920
https://doi.org/10.1016/j.compbiomed.2021.104474
https://doi.org/10.1038/srep46479
https://doi.org/10.1186/s12938-016-0240-1
https://doi.org/10.1148/radiol.2015151169
https://doi.org/10.1038/s41598-025-97447-9
https://doi.org/10.1038/s41598-025-97447-9
https://doi.org/10.1371/journal.pmed.1002711
https://doi.org/10.1186/s12916-019-1426-2
https://doi.org/10.1109/TMI.2019.2923601
https://doi.org/10.1016/j.patcog.2017.08.009
https://doi.org/10.1038/nrclinonc.2017.141
https://doi.org/10.1016/j.cmpb.2019.02.004
https://doi.org/10.1002/mp.13971
https://doi.org/10.3233/XST-200662


H. Z. Forooshani et al. / Scientometrica 2 (2026) 
 

137 

Mukherjee, P., Zhou, M., Lee, E., Schicht, A., Balagurunathan, Y., Napel, S., Gillies, R. J., Wong, S., Thieme, A., Leung, 
A., & Gevaert, O. (2020). A shallow convolutional neural network predicts prognosis of lung cancer patients in multi-
institutional computed tomography image datasets. Nature Machine Intelligence, 2(5), 274–282. 
https://doi.org/10.1038/s42256-020-0173-6 

Paul, R., Hawkins, S. H., Schabath, M. B., Gillies, R. J., Hall, L. O., & Goldgof, D. B. (2018). Predicting malignant nodules 
by fusing deep features with classical radiomics features. Journal of Medical Imaging, 5(1), Article 011021. 
https://doi.org/10.1117/1.JMI.5.1.011021 

Qin, Z., Liu, J., Shi, Y., & others. (2018). Lung nodule classification via deep transfer learning in CT images. Journal of 
Digital Imaging, 31(4), 456–468. https://doi.org/10.1007/s10278-018-0060-6 

Rajpurkar, P., Irvin, J., Zhu, K., Yang, B., Mehta, H., Duan, T., Ding, D., Bagul, A., Langlotz, C., Shpanskaya, K., & others. 
(2017). CheXNet: Radiologist-level pneumonia detection on chest X-rays with deep learning. arXiv. 

Ronneberger, O., Fischer, P., & Brox, T. (2015). U-net: Convolutional networks for biomedical image segmentation. Med-
ical Image Computing and Computer-Assisted Intervention, 9351, 234–241. https://doi.org/10.1007/978-3-319-24574-
4_28 

Setio, A. A. A., Traverso, A., de Bel, T., Berens, M. S. N., van den Bogaard, C., Cerello, P., Chen, H., Dou, Q., Fantacci, 
M. E., Geurts, B., van der Gugten, R., Heng, P.-A., Jansen, B., de Kaste, M. M. J., Kotov, V., Lin, J., Manders, J. T., 
Sóñora-Mengana, A., & others. (2017). Validation, comparison, and combination of algorithms for automatic detection 
of pulmonary nodules in computed tomography images: The LUNA16 challenge. Medical Image Analysis, 42, 1–13. 
https://doi.org/10.1016/j.media.2017.06.015 

Siegel, R. L., Miller, K. D., & Jemal, A. (2020). Cancer statistics, 2020. CA: A Cancer Journal for Clinicians, 70(1), 7–30. 
https://doi.org/10.3322/caac.21590 

Snoeckx, A., Franck, C., Silva, M., Prokop, M., & Schaefer-Prokop, C. (2021). The radiologist’s role in lung cancer screen-
ing. Translational Lung Cancer Research, 10(5), 2356–2367. https://doi.org/10.21037/tlcr-20-742 

Sung, H., Ferlay, J., Siegel, R. L., Laversanne, M., Soerjomataram, I., Jemal, A., & Bray, F. (2021). Global cancer statistics 
2020: GLOBOCAN estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: A Cancer 
Journal for Clinicians, 71(3), 209–249. https://doi.org/10.3322/caac.21660 

Tian, P., He, B., Mu, W., Liu, K., Liu, L., Zeng, H., Liu, Y., Jiang, L., Zhou, P., Huang, Z., Dong, D., & Li, W. (2021). 
Assessing PD-L1 expression in non-small cell lung cancer and predicting responses to immune checkpoint inhibitors 
using deep learning on computed tomography images. Theranostics, 11(5), 2098–2107. 
https://doi.org/10.7150/thno.48027 

Topol, E. (2019). High-performance medicine: The convergence of human and artificial intelligence. Nature Medicine, 
25(1), 44–56. https://doi.org/10.1038/s41591-018-0300-7 

Travis, W. D., Brambilla, E., Nicholson, A. G., Yatabe, Y., Austin, J. H. M., Beasley, M. B., & others. (2015). The 2015 
World Health Organization classification of lung tumors. Journal of Thoracic Oncology, 10(9), 1243–1260. 
https://doi.org/10.1097/JTO.0000000000000630 

van Eck, N. J., & Waltman, L. (2010). Software survey: VOSviewer, a computer program for bibliometric mapping. Scien-
tometrics, 84(2), 523–538. https://doi.org/10.1007/s11192-009-0146-3 

Wang, S., Zhou, M., Liu, Z.-Y., Liu, Z., Gu, D., Zang, Y., Dong, D., Gevaert, O., & Tian, J. (2017). Central focused 
convolutional neural networks: Developing a data-driven model for lung nodule segmentation. Medical Image Analysis, 
40, 172–183. https://doi.org/10.1016/j.media.2017.06.014 

Wynants, L., Van Calster, B., Collins, G. S., Riley, R. D., Heinze, G., Schuit, E., & others. (2020). Prediction models for 
diagnosis and prognosis of covid-19: Systematic review and critical appraisal. BMJ, 369, m1328. 
https://doi.org/10.1136/bmj.m1328 

Xie, H., Yang, D., Sun, N., Chen, Z., & Zhang, Y. (2019). Automated pulmonary nodule detection in CT images using deep 
convolutional neural networks. Pattern Recognition, 85, 109–119. https://doi.org/10.1016/j.patcog.2018.07.031 

Xu, Y., Hosny, A., Zeleznik, R., Parmar, C., Coroller, T., Franco, I., Mak, R. H., & Aerts, H. J. W. L. (2019). Deep learning 
predicts lung cancer treatment response from serial medical imaging. Clinical Cancer Research, 25(11), 3266–3275. 
https://doi.org/10.1158/1078-0432.CCR-18-2495 

Zhu, W., Liu, C., Fan, W., & Xie, X. (2018). Deeplung: Deep 3D dual path networks for automated pulmonary nodule 
detection and classification. Proceedings of the AAAI Conference on Artificial Intelligence, 32(1), 673–681. 
https://doi.org/10.1609/aaai.v32i1.11304 

  

 

 

 

 

https://doi.org/10.1038/s42256-020-0173-6
https://doi.org/10.1117/1.JMI.5.1.011021
https://doi.org/10.1007/s10278-018-0060-6
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1007/978-3-319-24574-4_28
https://doi.org/10.1016/j.media.2017.06.015
https://doi.org/10.3322/caac.21590
https://doi.org/10.21037/tlcr-20-742
https://doi.org/10.3322/caac.21660
https://doi.org/10.7150/thno.48027
https://doi.org/10.1038/s41591-018-0300-7
https://doi.org/10.1097/JTO.0000000000000630
https://doi.org/10.1007/s11192-009-0146-3
https://doi.org/10.1016/j.media.2017.06.014
https://doi.org/10.1136/bmj.m1328
https://doi.org/10.1016/j.patcog.2018.07.031
https://doi.org/10.1158/1078-0432.CCR-18-2495
https://doi.org/10.1609/aaai.v32i1.11304


 138 

 

© 2026 by the authors; licensee Growing Science, Canada. This is an open access ar-
ticle distributed under the terms and conditions of the Creative Commons Attribution 
(CC-BY) license (http://creativecommons.org/licenses/by/4.0/). 

 

 

     


	Scientometrica 2 (2026) 121–138
	C H R O N I C L E                                 A B S T R A C T
	1. Introduction
	2. Methodology
	2.1. Data Source
	2.2. Search Strategy and Query Specification
	2.6. Citation Overview and Influential-Document Identification
	2.7. Thematic Mapping and Conceptual Structure
	2.8. Geographic Contribution and International Collaboration
	2.9. Ethical Considerations

	3. Results
	3.1. Main Information About the Dataset
	3.2. Annual Scientific Production (2017–2025)
	3.3. Source Distribution and Core Publication Venues
	3.4. Author Productivity and Collaboration Structure
	3.5. Keyword Profile and Dominant Research Emphases
	3.6. Thematic Mapping of Author Keywords
	3.7. Citation Overview and Most Influential Documents
	3.8. Geographic Participation and International Collaboration

	4. Discussion
	4.1. Interpreting Growth and Consolidation in The Exported Corpus
	4.2. Thematic Structure and What It Implies About Field Maturity
	4.3. Citation Structure and What the Most Influential Papers Suggest
	4.4. Geographic Concentration, Collaboration Hubs, and Implications for Validation Capacity
	4.5. Research Gaps and Future Directions Implied by the Evidence

	5. Conclusion and Future Works
	5.1. Summary of Core Findings
	5.2. Contributions and Implications of the Scientometric Evidence
	5.3. Practical Research Agenda Derived from the Mapping
	5.5. Future Works
	5.6. Concluding Remarks

	References


