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Abstract: The integration of artificial intelligence, particularly deep learning, has transformed cancer oncology through more precise
diagnostics, personalized therapies, and improved clinical decision-making. This study conducts a bibliometric mapping to capture
global research trends, intellectual influence, and conceptual structures in cancer oncology and deep learning. A total of 19,627 peer-
reviewed articles published between 2022 and 2025 were analyzed, retrieved from an initial dataset of 34,218 documents. Using
Correspondence Analysis (CA) and Multiple Correspondence Analysis (MCA) in RStudio, we evaluated both Author Keywords and
Keyword Plus. The results highlight dominant themes, including multimodal learning and radiogenomics, while also uncovering
emerging directions such as transformer-based models, federated learning for cross-institutional data, and the ethical dimensions of
explainable Al in clinical workflows. MCA on Keyword Plus provided stronger explanatory power (80.01% and 8.76% for the first
two dimensions) compared to CA on Author Keywords (5.27% and 3.73%). This mapping reveals critical gaps—such as limited
participation from low- and middle-income countries, lack of standardized datasets, and insufficient multidisciplinary collaboration.
By identifying these challenges and opportunities, the study provides actionable insights for researchers, policymakers, and clinicians
to advance inclusive and ethically responsible Al-driven cancer research.
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Introduction

Cancer remains a significant health challenge in Indonesia, with an increasing number of new cases and deaths each year.
The data from The Global Cancer Observatory (GCO) in 2022 provides a detailed picture of the cancer burden in the
country, which saw a total of 408,661 new cancer cases. The number of deaths attributed to cancer in Indonesia reached
242,988, while 1,018,110 individuals were living with cancer as prevalent cases over the previous 5 years. These
statistics underscore the urgent need for comprehensive cancer prevention, early detection, and treatment strategies to
reduce the burden of this disease on individuals and the healthcare system.'

The Indonesian population in 2022 was approximately 279 million, with nearly equal distribution between males and
females. Among the total number of new cancer cases, males accounted for 188,395, while females represented 220,266.
The age-standardized incidence rate for cancer was relatively high, with males at 135.5 per 100,000 and females at 141.6
per 100,000. This indicates that cancer is a widespread health issue, affecting both genders with significant frequency.
Additionally, the risk of developing cancer before the age of 75 is substantial, with a cumulative risk of 14.1% for males

and 14.0% for females, reflecting the significant likelihood of a person developing cancer in their lifetime.
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Among males, lung cancer emerged as the most prevalent type, accounting for over 15% of all new cancer cases.
Colorectal cancer followed closely behind, with a notable number of new cases, while liver cancer ranked third. Other
common cancers in males included nasopharyngeal cancer and prostate cancer.* ® Together, these five types of cancer
dominated the landscape of cancer diagnoses in Indonesian men. Lung cancer, in particular, poses a substantial health
risk due to its high incidence and the significant mortality associated with it. Despite the prominence of these five
cancers, a large portion of new cases in males—nearly half—are attributed to other types of cancer, highlighting the
diverse nature of cancer in the population.

For females, breast cancer was by far the most common, with a substantial proportion of new cases diagnosed in
2022. Cervical cancer ranked second, followed by ovarian cancer, which also contributed to a significant number of
cancer cases among women.’ ° Colorectal cancer and lung cancer rounded out the top five most common cancers in
females. The prevalence of breast cancer, in particular, stands out due to its high incidence, accounting for more than
30% of new cancer cases in women. Similar to males, a large percentage of cancer cases in females—more than a third—
were attributed to other types of cancer, illustrating the variety and complexity of the cancer burden in Indonesian
women.

When considering both sexes combined, the top five most frequent cancers are largely similar to those observed in
each gender individually. Breast cancer remains the most common, followed by lung cancer, cervical cancer, colorectal
cancer, and liver cancer. These cancers account for the majority of new cancer cases in the country, with breast cancer
emerging as the most prevalent overall. However, the data also reveals that over half of the new cancer cases in Indonesia
are attributed to other cancers, further emphasizing the wide range of cancer types affecting the population. This diverse
cancer landscape highlights the need for a multifaceted approach to cancer prevention and treatment, as well as more
targeted efforts in addressing the most common cancers affecting the Indonesian population.

As the burden of cancer increases, the need for more effective methods of diagnosis and treatment becomes
increasingly urgent. In recent decades, advances in information technology and computing have opened up new

opportunities in medicine,'*"!

particularly through the application of artificial intelligence (AI). One branch of Al that
shows great potential in the field of oncology is deep learning (DL). This technology has changed the way we approach
cancer detection and treatment, offering new ways to identify and deal with the disease faster, more accurately, and more
efficiently.

Deep learning, as part of machine learning, has the ability to learn complex data representations through multi-layered
artificial neural networks.'>'? This capability allows the DL to identify hidden patterns in large and complex medical
data, such as medical images, genomic data, and electronic medical records. In the context of cancer, deep learning has
been applied for a variety of purposes, including early detection, classification of cancer types, prediction of responses to
therapy, and analysis of prognosis.'*!” The main advantage of DL lies in its ability to process large amounts of data and
find correlations that may not be detected by conventional methods.'® !

For example, a recent study developed an Al tool called FaceAge that analyzes facial features of cancer patients to
estimate biological age and predict survival outcomes. It uses DL algorithms trained on nearly 59,000 healthy individual
photos and tested on more than 6000 cancer patients.”>** The results showed that patients who looked older than their
chronological age tended to have lower survival rates, regardless of other factors such as cancer type or gender. This
indicates that DL can not only be used to identify health-related physical characteristics, but can also provide new
insights into the prognosis of more personalized cancer patients.”* 2

Notwithstanding the expanding corpus of research in this field, there has yet to be a thorough bibliometric analysis
evaluating research trends, institutional collaboration, and principal topic areas in the application of deep learning to
oncology. Performing this analysis is essential, as bibliometric mapping offers significant insights into research progres-
sion, the identification of emergent themes, and the depiction of scientific collaborative networks. In the context of cancer
research, bibliometric analysis can identify underexplored domains that require additional inquiry and evaluate the degree
of integration of deep learning into cancer diagnosis and treatment. This approach not only elucidates the existing state of
knowledge but also guides strategic directions for future research by pinpointing gaps and promising avenues for
multidisciplinary collaboration. Moreover, comprehending the global framework of deep learning applications in
oncology can assist politicians, funding organizations, and healthcare institutions in optimizing resource allocation,
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ensuring that innovation corresponds with the most urgent requirements in cancer treatment. This paper performs a
thorough bibliometric analysis of deep learning applications in cancer research to solve this gap. This study offers a
comprehensive picture of the area by methodically analyzing publication patterns, principal authors, collaboration
networks, and theme clusters. The results are anticipated to enhance comprehension of the influence of deep learning
on cancer research, while providing essential assistance for academics, practitioners, and policymakers in recognizing

emerging frontiers and refining future research trajectories.

Methods

In this section, we describe in depth the methodology used in this study, focusing on the bibliometric approach applied to
analyze publications on the application of deep learning to cancer. This approach involves the use of bibliometric
analysis software to explore publication trends, collaboration between institutions, and keyword analysis in literature.

Biblioshiny

Biblioshiny is a web-based graphical user interface that allows easy exploration and visualization of bibliometric data.
The device is used in conjunction with the Bibliometrix package at R, which allows comprehensive bibliometric analysis
of publication data.”” ** Biblioshiny helps in producing interactive graphs that illustrate trends in publications, colla-
boration between authors and institutions, and frequency analysis of keywords. In this study, the first step was to import
the cleared data into the Biblioshiny for early exploration. This process involves removing duplicates and irrelevant
articles, such as language articles other than English and types of documents other than journal articles, conferences, or
systematic reviews.>> >’

Biblioshiny is used to visualize the distribution of annual publications, as well as identify the latest trends that
develop in the application of deep learning to cancer. Biblioshiny enabled the analysis of the most productive network of
authors and journals as well as the involvement of institutions and states in this study.?**%*3-*%37 Qverall, Biblioshiny use
provides a clear and interactive picture of DL’s research landscape in cancer, allowing researchers to easily explore a
wide range of insights through web-based visualizations. To explore the relationships between variables in bibliometric
data, more complex mathematical models and descriptive statistical calculations were performed. Among the techniques
used were temporal analysis and keyword mapping, which involved calculations based on derived formulas to understand
the dynamics of the study.>'-*°
One of the basic formulas in this bibliometric analysis involves the calculation of Index H used to measure the

author’s productivity and scientific impact. The H index is calculated using equation 1.
H = max(h) (1

With H the number of publications having more than hits. In addition, for temporal analysis, the calculation of the annual
growth index is used to identify the growth rate of publications each year. The index is calculated by equation 2.
P — P
Ri=—71H— 2

=T @)
where R; is the annual growth rate in the #-year, and P; is the number of publications that year. This formula is helpful in
looking at the growth trends of publications over time and identifying significant change points.>*****? In addition, the
analysis of co-citation and co-authorization used in this study involved calculating the strength of relationships between
authors or articles. This can be calculated by the Jaccard Index or similarity index formula used to measure how similar

two articles or authors are based on their shared citations which are shown in equation 3.

_|AnB|

T4 B) = B

3)

where A and B are two articles or authors, and N and U are slice and merge operations.
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Co-Occurrences
Co-occurrence analysis is one of the main techniques in bibliometrics used to identify the relationship between keywords
that often appear together in the same publication. This analysis is important to reveal the thematic patterns and trends in
the literature, as well as to see how specific topics develop in research.**°

In this study, keyword co-occurrence analysis was conducted using R software to visualize a network of keywords
that often appear together. This analysis process involves the following steps. First, it is constructed by calculating the
frequency of occurrences of keyword pairs appearing together in the same publication. This matrix is then used to
identify keywords that have strong relationships. Then is the Determination of the Weight and Distance Between
Keywords. After the matrix is formed, each keyword is weighted according to the frequency of its appearance in the
publication. Keywords that appear together more often in the same article will have higher weight. Next, the distance
between keywords is calculated based on the strength of the relationship between them. R is also used to build network
visualizations that describe the relationships between keywords. Keywords that often appear together will be grouped
within a given cluster, which allows the identification of key themes in deep learning research for cancer. Bibliometric
analysis uses a frequency and relationship approach between bibliographic elements. In general, if given a set of

documents D,*® then the total frequency of occurrence of keywords in all documents can be expressed in equation 4.
F(ki) = 2 fi “4)

where f;; is the frequency of the keyword £; in the j-th document, and 7 is the total number of documents. To construct a co-
occurrence network between keywords, the symmetry matrix M with the element m;; specifies the number of occurrences

together between keywords and is used to construct a co-occurrence network between keywords in equation 5.
M=K KT 5)

where K is a binary matrix of dimension n X p, where 539841 is the number of unique keywords, and every element
ki = 1 if the keyword appears in the document, and 0 if not. Visual mapping of the analysis results is done through the
conceptualStructure() to detect major research themes, thematicMap() to map the power and centrality of the topic, and
histNetwork() to view temporal evolution. With this approach, all analyses can represent the intellectual structure and
knowledge development in the DL field for cancer in a systematic and data-based manner.

Through a combination of rigorous analytical approaches, comprehensive databases, and informative visualizations,
the methods in this study produce knowledge maps that can be used by researchers, research institutions, and researchers,
and policymakers to understand and direct the development of DL’s cancer research in a more strategic and influential
direction.

Correspondence Analysis

Correspondence Analysis (CA) is a multivariate statistical technique used to explore relationships in categorical data.*’**
In bibliometric studies, CA helps visualize associations between different categorical variables such as keywords,
authors, institutions, or journals, often derived from co-occurrence matrices. Let X = [x,j] be a contingency table of
size I x J, where x;; represents the frequency with which keyword i co-occurs with document j, / is the number of rows
(eg, keywords), and J is the number of columns (eg, documents). Here, we define the grand total in Equation 6, The
relative frequency matrix in equation 7, The row and column marginal proportions in Equation 8, and The standardized

residual matrix in equation 9.

1 J
N=3% ¥ x (6)
i=1j=1
X X
P==p;, ==Y
Napj N (7)
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r=Pl,c=P'l (®)

S =D,*(P - rc"\D; )
where D, = diag(r) and D, = diag(c). CA performs a singular value decomposition (SVD) on S in equation 10.
Ss=uzyT (10)
The principal coordinates of rows in Equation 11 and columns in equation 12 reduced space.

F=D,Us (11)

G =D.'Vs (12)

In the context of Bibliometrix, CA is typically used on co-occurrence matrices (eg, keyword—keyword or author—
document matrices). It provides a low-dimensional spatial representation of the relationships among entities.

M <- biblioNetwork(biblio data, analysis = “co-occurrences”, network = “keywords”, sep = *;”’) conceptualStructure
(M, method="“CA”, field="ID”, minDegree=5, k.max=5)

The output consists of a two-dimensional plot that visually maps the proximity of keywords or documents based on
their co-occurrence patterns. This spatial representation reveals clusters of terms that indicate topical similarity, allowing

for the identification of coherent research themes and conceptual relationships within the analyzed literature.

Multiple Correspondence Analysis (MCA)

Multiple Correspondence Analysis (MCA) generalizes CA to handle more than two categorical variables. It is ideal for
analyzing complex relationships in bibliometric data where multiple categorical features (eg, author keywords, journal,
country) are observed simultaneously.**° Assume we have a data matrix X € R"*?, where n is the number of documents
(individuals), p is the total number of binary indicator variables derived from categorical variables. Each categorical
variable (eg, keyword, country, source) is transformed into binary dummy variables, leading to an indicator matrix.>' Let
Z be the complete indicator matrix (concatenated binary variables), D, = diag(r) where r is the vector of row masses,
D. = diag(c), where c is the vector of column masses. MCA performs SVD on the standardized matrix Z.

Z' =Dz —rc"\D:? (13)

zr=uzy’ (14)

The principal coordinates are extracted similar to CA, giving a geometric representation of the relationships between
modalities. In bibliometric analysis, particularly when using the Bibliometrix package in R, the conceptualStructure
function provides a robust way to explore the thematic organization of scientific literature. By specifying field = “ID”, the
analysis is based on author keywords, which are crucial indicators of a paper’s content and help to map the conceptual
structure of a research domain. Author keywords are selected by the authors themselves and typically reflect the main
themes and focus of their work, making them an ideal proxy for identifying key topics in a dataset.

The parameter method = “MCA” indicates that the technique being applied is Multiple Correspondence Analysis.
MCA is especially effective in reducing multidimensional categorical data—such as collections of keywords—into a
low-dimensional space that can be easily visualized and interpreted. Unlike traditional Correspondence Analysis, which
only handles two categorical variables at a time, MCA allows for simultaneous analysis of multiple variables, making it
particularly powerful when analyzing a large set of documents with diverse descriptors.

Setting minDegree = 5 ensures that only keywords appearing in at least five documents are considered in the analysis.
This threshold filters out low-frequency terms that may add noise rather than value to the structure, thus sharpening the
focus on more relevant and widely used concepts. Similarly, k.max = 5 specifies that the algorithm will attempt to
identify up to five clusters of related keywords. These clusters represent dominant research themes within the literature,
as determined by patterns of co-occurrence and conceptual similarity. The output of this process includes a factor map
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that visually represents the relationships among keywords and their associated documents in a reduced dimensional
space. In these maps, terms that are positioned closely together tend to appear in similar contexts across different
documents, suggesting thematic or conceptual proximity. These visualizations aid in identifying dominant research areas,
understanding the interrelations between topics, and revealing how different themes cluster within the scientific field.
This approach provides valuable insights into the structure of a research landscape and helps scholars discern emerging

trends, gaps, and focal points within their domain of study.

Data Set

This study has a high degree of novelty over previous analyses due to its much wider scope of over 34 thousand
publications, as well as the use of a combination of modern analytical devices such as R with Bibliometrix packages.
This approach enables integration between network-based visualization, situational analysis, and high-precision topical
evolution modeling. The study’s main focus is to uncover temporal dynamics in scientific publications, highlighting the
surge in new terms such as transfer learning, federated learning, multi-omic integration, and explainable Al that have
dominated literature in the past 2 years. In this paper, the approach used is quantitative and exploratory based on
bibliometric analysis by utilizing open-source software R and the Bibliometrix library. The dataset analyzed is sourced
from the Scopus database, which is one of the largest and most comprehensive repositories for scientific publications.
Data retrieval took place in May 2025 using the main keyword “cancer” AND “deep” AND “learning” which resulted in a
total of 34,218 relevant documents and met the inclusion criteria as shown in Table 1.

Table | Main Information

Description Results

Main information about data

Timespan 2022:2025
Sources (Journals, Books, etc) 3744
Documents 19627
Annual Growth Rate % 91,54
Document Average Age 1,23
Average citations per doc 4,787
References 0

Document contents

Keywords Plus (ID) 42697
Author’s Keywords (DE) 24396
Authors

Authors 56307
Authors of single-authored docs 415
Authors collaboration

Single-authored docs 924
Co-Authors per Doc 6,02
International co-authorships % 24,44

Document types
Article 11338
Article article 83
Article book chapter |
Article conference paper 13
Article conference review
Article editorial

Article review

Book 29

(Continued)
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Table | (Continued).

Description Results
Book chapter 432
Book chapter article 4
Book chapter conference paper 3

Book chapter conference review |

Conference paper 5277
Conference paper article 21
Conference paper book chapter 2
Conference paper conference paper 26
Conference paper conference review 4
Conference paper review 2
Conference review 406

Conference review article |
Data paper 20
Editorial 231
Editorial article |
Editorial conference paper |
Erratum 92
Erratum article 2

Erratum conference paper |

Letter 86
Letter article 4
Note 91
Note article 2

The initial process involves extracting the metadata from the BibTeX file from the Scopus download, which is then
cleared to remove the duplicates and inappropriate publications. The data is then loaded into the R environment and
analyzed using key functions in the Bibliometrix package such as biblioshiny(), summary(), and networkPlot().

All analyses are run in the latest version of the RStudio computing environment. After cleaning with relevant
journals, the focus of the analysis continues to monitor trends of key information about the data, with the analysis time
range covering the period 2022 to 2025. The selection of this period is based on reasons for identifying the latest trends
and significant changes in the focus of research, as well as for analyzing the emergence of new dominating terms in the
field of applying deep learning to cancer in the past two years.

Results

This study showed significant developments in research that combined deep learning with cancer treatment, based on
data covering more than 19,000 relevant documents, with an analysis period from 2022 to 2025. With a very high annual
growth rate of 91.54%, it can be seen clearly that this topic has experienced a significant spike in recent years, reflecting
increasing interest and investment in this field. The data also show that the average age of publication is only 1.23 years
old, which indicates that most of these studies are highly relevant to the current trends in deep learning technology for
cancer.

With an average citations per document of 4787, the publication has had a major impact in scientific literature,
reflecting the impact these studies have had on the global scientific community. Collaboration between authors is also an
interesting aspect, with an average co-author per document reaching 6.02 people. This indicates that many publications
involve research teams from various backgrounds and expertise, as well as demonstrate the importance of collaboration

in the development of new technologies and methods for cancer diagnosis and treatment. In addition, about 24.44% of
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publications recorded international collaboration, which showed the importance of cross-country cooperation in solving
global challenges in the field of oncology.

Most of these publications consist of journal articles, with a total of 11,338 documents, suggesting that most of the
research findings were published in scientific journals that had a major impact. In addition, many publications were also
present in the form of conference papers (5277 documents) and books (29 documents), showing variations in the
distribution format of research results in various academic and scientific forums. In addition, research in this field has
identified emerging topic trends, such as transfer learning, federated learning, and explainable Al, which have increas-
ingly dominated literature in recent years, reflecting efforts to develop more transparent and understandable Al
technologies in the context of cancer treatment. Using more extensive and up-to-date data, as well as modern analytical
tools such as Bibliometrix and RStudio, the study successfully provided a more comprehensive picture of the dynamics
of deep learning and cancer research. While demonstrating how scientific collaboration and multi-omic data integration
continue to drive developments in this technology for the future of cancer treatment.

Most Relevant Sources
In studies of the application of deep learning to cancer treatments, a number of journal and conference sources have
contributed greatly to the development of literature in this area. Among the various existing sources, some publications
have emerged as major contributors to the promotion of deep learning technology knowledge and application to the
medical field, especially in the context of cancer. A very dominant source is Lecture Notes in Networks and Systems,
with 406 articles offering much research related to network engineering and systems. These articles form the foundation
for understanding and application of deep learning in analyzing complex medical data, especially in the field of cancer as
shown in Figure 1. These major contributions include a new understanding of how tissue techniques can be optimized for
cancer diagnosis and therapy. In addition, Biomedical Signal Processing and Control with 392 articles also provides deep
insight into biomedical signal processing. This is particularly relevant for the application of deep learning, especially in
processing large and diverse medical signals to identify cancer-related patterns.

Another very relevant source is Scientific Reports (381 articles), which serves as a platform for a variety of scientific
studies that integrate a variety of new technologies into medicine, including deep learning. These articles reveal
important findings regarding the use of Al technology to diagnose, forecast, and treat cancer, strengthening Al’s

Most Relevant Sources

LECTURE NOTES IN NETWORKS AND SYSTEMS

BIOMEDICAL SIGNAL PROCESSING AND CONTROL

SCIENTIFIC REPORTS

CANCERS 312

|EEE ACCESS 312
COMPUTERS IN BIOLOGY AND MEDICINE 300
DIAGNOSTICS

FRONTIERS IN ONCOLOGY
MULTIMEDIA TOOLS AND APPLICATIONS

COMMUNICATIONS IN COMPUTER AND INFORMATION SCIENCE
PROGRESS IN BIOMEDICAL OPTICS AND IMAGING - PROCEE
MEDICAL PHYSICS

IEEE JOURNAL OF BIOMEDICAL AND HEALTH INFORMATICS
LECTURE NOTES IN ELECTRICAL ENGINEERING

PROCEEDINGS OF SPIE - THE INTERNATIONAL SOCIETY FO
APPLIED SCIENCES (SWITZERLAND)
ACM INTERNATIONAL CONFERENCE PROCEEDING SERIES
LECTURE NOTES IN COMPUTER SCIENCE (INCLUDING SUBSE
PLOS ONE
ACADEMIC RADIOLOGY

MPUTER METHODS AND PROGRAMS IN BIOMEDICINE
PROCEEDINGS - INTERNATIONAL SYMPOSIUM ON BIOMEDICA
NEURAL COMPUTING AND APPLICATIONS
PHYSICS IN MEDICINE AND BIOLOGY
BRIEFINGS IN BIOINFORMATICS
IEEE TRANSACTIONS ON MEDICAL IMAGING
BIOENGINEERING
MEDICAL IMAGE ANALYSIS
JOURNAL OF MAGNETIC RESONANCE IMAGING
QUANTITATIVE IMAGING IN MEDICINE AND SURGERY

Sources

HELIYON

EXPERT SYSTEMS WITH APPLICATIONS

BMC CANCER

COMPUTERIZED MEDICAL IMAGING AND GRAPHICS
FRONTIERS IN MEDICINE

NATURE COMMUNICATIONS

RADIOLOGY

NPJ PRECISION ONCOLOGY

PHYSICS AND IMAGING IN RADIATION ONCOLOGY
INTERNATIONAL JOURNAL OF IMAGING SYSTEMS AND TECHN
INTERNATIONAL JOURNAL OF INTELLIGENT SYSTEMS AND A
RADIOTHERAPY AND ONCOLOGY

ABDOMINAL RADIOLOGY

INSIGHTS INTO IMAGING

SMART INNOVATION, SYSTEMS AND TECHNOLOGIES
INTERNATIONAL JOURNAL OF ADVANCED COMPUTER SCIENCE
ARTIFICIAL INTELLIGENCE IN MEDICINE

0 100 200 300 400
N. of Documents

Figure | Most relevant sources. This figure displays the number of documents published per source, sorted from lowest to highest. Each bubble represents a specific
source, and its size corresponds to the number of documents. The numbers inside the bubbles indicate the exact document counts.
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contribution to the field of oncology. Cancer (312 articles) and IEEE Access (312 articles) are two other journals that
consistently focus on innovative research in Al applications in the field of cancer, ranging from basic research to clinical
applications. In addition, Computers in Biology and Medicine (300 articles) played a major role in excavating computing
applications in the medical world, with an emphasis on the use of deep learning for increasingly large and complex
medical data analyses. This is especially important given the increasing volume and diversity of medical data in cancer
diagnosis and treatment. Diagnostics (298 articles) are also a very relevant source, given that the journal specializes in
diagnostic engineering research closely related to Al’s progress in detecting cancer.

Furthermore, Frontiers in Oncology (261 articles) focused on the development and application of the latest technol-
ogy in oncology, where deep learning plays a key role in identifying and classifying cancers based on patterns found in
medical data. Another significant journal is Multimedia Tools and Applications (227 articles), which discusses how
multimedia technology can be combined with deep learning to improve visualization and data understanding capabilities
in the context of cancer treatment. Overall, these sources highlight the diversity and depth of research in the field of deep
learning for cancer. From aspects of biomedical signal processing to broader applications in diagnostic and therapy
systems, this literature shows how advances in information technology and Al are increasingly leading to increased
efficiency in cancer care. This paved the way for further development in more personalized and data-based cancer
therapy, making this field increasingly relevant and important in today’s medical world.

From the analysis of relevant literature sources in the field of biomedicine, especially those related to the application
of deep learning in cancer diagnosis and therapy, it can be seen that some journals have had a major impact, both in
academic research and in their application in the medical field. DIAGNOSTICS, with h-index 31 and g-index 42, stands
out with a fairly high m-index of 7.75. This journal, although only published in 2022, has recorded 3450 citations and
published 298 articles. This indicates that DIAGNOSTICS played a major role in the development of current technology-
based diagnostic techniques, including the use of deep learning for medical image processing. This source contributes
significantly to addressing the challenges of early diagnosis of cancer through the use of advanced algorithms that
accurately analyze medical image data. The following sources that show significant impact are Biomedical Signal
Processing and Control published in 2023. The journal has h-index 29 and g-index 42, with m-index 9.667, which
signifies a tremendous impact in a short time. With 3509 quotes and 392 articles, Biomedical Signal Processing and
Control focuses on the processing of biomedical signals applied in disease detection and therapy, especially cancer. It
illustrates how Al-based signal processing techniques can help in the preparation of more precise and personalized
treatment protocols in Table 2.

In addition, Computers in Biology and Medicine, which have h-index 29 and g-index 45, have a significant impact
with 3053 citations. Focusing on computational applications in biology and medicine, the journal discusses deep learning
integration in biomedical data analysis, which is important for a deeper understanding of the biological processes
involved in cancer. Its advantages in linking technology with medical practice provide useful insights for the develop-
ment of more efficient and precise diagnostic tools in dealing with cancer. Scientific Reports, with h-indexes 29 and 3138
citations, played an important role in providing a platform for researchers to share their findings on applicable
technological advances in medicine. The journal focuses not only on current technologies, but also on interdisciplinary
research involving a variety of approaches, including Al and deep learning, in addressing a variety of medical challenges.

The journals Cancer and IEEE Access show a very large contribution to developing Al technology-based medical
solutions. With 312 articles and over 2700 citations, Cancer has become an important reference source in cancer research,
particularly in integrating new technologies into medicine and diagnosis. IEEE Access, although published in 2023, with
312 articles and more than 2500 citations, further solidifies its position as a major source of healthcare Al technology,
which plays a role in increasing the effectiveness of cancer diagnosis and treatment.

Other journals such as Expert Systems with Applications and Multimedia Tools and Applications also showed
significant impact, with 1274 and 1792 quotes, respectively. Both play a role in developing intelligent systems and
multimedia applications that are highly relevant to deep learning-based medical data processing and cancer. This suggests
that the field of deep learning research is not only limited to statistical algorithms, but also involves a broader intelligent

system approach to improving diagnostic and therapeutic processes in cancer treatment.
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Table 2 Sources’ Local Impact

Source H G M TC NP PYStart
Diagnostics 31 42 7,75 3450 298 2022
Biomedical signal processing and control 29 42 9,667 3509 392 2023
Computers in biology and medicine 29 45 7,25 3053 300 2022
Scientific reports 29 42 7,25 3138 381 2022
Nature communications 26 40 6,5 1770 64 2022
Cancers 24 37 6 2740 312 2022
IEEE access 24 38 8 2568 312 2023
Expert systems with applications 21 35 7 1274 73 2023
Multimedia tools and applications 21 33 5,25 1792 227 2022
Medical image analysis 18 37 6 1485 85 2023
Frontiers in oncology 16 23 4 1296 261 2022
IEEE transactions on medical imaging 16 27 4 928 88 2022
European radiology 15 20 3,75 858 19 2022
Applied sciences (switzerland) 14 23 3,5 730 109 2022
Briefings in bioinformatics 14 21 4,667 667 93 2023
Neural computing and applications 14 24 3,5 744 96 2022
Radiology 14 25 3,5 661 62 2022
Seminars in cancer biology 14 17 3,5 629 17 2022
Bioengineering 13 24 4,333 718 85 2023
BMC medical imaging 13 20 3,25 451 47 2022
Computer methods and programs in biomedicine 13 22 3,25 764 99 2022
IEEE journal of biomedical and health informatics 13 20 4,333 841 172 2023
Journal of magnetic resonance imaging 13 17 3,25 442 8l 2022
BMC bioinformatics 12 19 3 476 50 2022
Insights into imaging 12 17 3 369 53 2022
Journal of ambient intelligence and humanized computing 12 23 4 790 23 2023
Medical physics 12 15 3 778 186 2022
NPJ digital medicine 12 22 3 504 35 2022
NP] precision oncology 12 19 3 460 6l 2022
Academic radiology I 16 3,667 453 99 2023
BMC cancer I 17 2,75 383 72 2022
Eclinicalmedicine I 18 3,667 346 23 2023
Frontiers in medicine I 18 2,75 415 68 2022
Heliyon I 15 3,667 406 78 2023
Journal of digital imaging I 21 3,667 456 25 2023
Plos one I 17 3,667 440 100 2023
Radiation oncology Il 15 2,75 270 27 2022
Radiotherapy and oncology Il 15 2,75 327 60 2022
Sensors I 17 2,75 351 45 2022
Artificial intelligence in medicine 10 19 2,5 418 51 2022
Bioinformatics 10 14 2,5 238 37 2022
Electronics (switzerland) 10 19 2,5 397 35 2022
Engineering applications of artificial intelligence 10 18 3,333 370 39 2023
European journal of radiology 10 13 25 264 47 2022
IEEE/ACM transactions on computational biology and bioinformatics 10 18 3,333 335 21 2023
International journal of molecular sciences 10 16 2,5 316 45 2022
Journal of cancer research and clinical oncology 10 14 3,333 305 49 2023
Modern pathology 10 15 2,5 332 42 2022
Nature medicine 10 13 3,333 577 13 2023
Physics in medicine and biology 10 12 3,333 324 95 2023
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Medical Image Analysis and Frontiers in Oncology have a particular focus on medical image processing and deep
learning applications in cancer detection. With m-indexes 6 and 4, respectively, these journals provide important insight
in understanding how current technologies can be applied to improve accuracy and efficiency in cancer diagnosis through
more in-depth medical image analysis.

Overall, despite variations in the citation index and its impact, these journals reflect a strong trend in deep learning
technology integration to improve cancer diagnosis and therapy. The emphasis on synergy between signal processing,
medical image analysis, and Al applications suggests that we are on the verge of a major breakthrough in the medical
field. This provides great expectations for the progress of more targeted and data-driven cancer treatment, and potentially
reduces the burden of the disease at a global level.

Most Relevant Affiliation

The analysis of affiliates in this field of research illustrates the vast global landscape, in which a number of universities
and medical centers stand out in terms of the number of published articles as shown in Figure 2. At the top of the list,
Fudan University led with 324 articles, followed by Sun Yat-sen University with 299 articles, and Southern Medical
University with 270 articles. These institutions represent a significant part of the research output, particularly in the
medical and biomedical sciences, which reflects their strategic focus on advancing research in healthcare and technology.

In addition, Harvard Medical School (259 articles) and Sichuan University (244 articles) also contributed greatly to
the research world, showing their important roles in advanced research, especially in cancer and medical technology. The
University of Texas MD Anderson Cancer Center with 223 articles is also a key player, strengthening its status as the
world’s leading cancer research center.

Among other universities that have also played a significant role in research are Shanghai Jiao Tong University (227
articles), Central South University (220 articles), and the University of California (220 articles), all of which have strong
research programs and have a major impact in their respective fields. This pattern highlights the importance of
collaboration in various fields of research, ranging from bioengineering to cancer treatment and medical imaging.

The University of Toronto and Stanford University, known for their contributions to medicine, public health, and
technology, are also important actors in the research community, with more than 150 articles each. The growing influence
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Figure 2 Most relevant affiliation. This figure illustrates the distribution of documents by author affiliation. Each bubble represents an institution, and its size corresponds to
the number of documents published by that institution. The numbers inside the bubbles indicate the exact document counts.
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of Asian universities, such as Zhejiang University and Tsinghua University, shows an increased global focus on research
excellence outside traditional Western centers.

As an illustration of the distribution of the output of this study is described in Figure 2, we can see some important
patterns that can be used as reflection materials. First, there is strong dominance of universities and medical centers in
China, such as Fudan University, Sun Yat-sen University, and Sichuan University, which show how fast research
progresses in the country, especially in the fields of biomedical, health, and technology. It reflects how the Chinese
government’s policies supporting research and innovation began to yield significant results on a global scale.

Second, medical and cancer institutions such as Harvard Medical School, MD Anderson Cancer Center, and
Memorial Sloan Kettering Cancer Center show consistency in their contributions to cancer research and medical
innovation. This confirms the importance of international collaboration in encouraging new discoveries and solutions

to global health challenges.
In addition, it is also important to note that international collaboration is increasingly playing a very large role.

Prominent institutions, although distributed around the world, often collaborate on transnational research, forming a
network that can address shared global challenges. The increasingly calculated role of universities in Asia such as
Zhejiang University and Tsinghua University suggests that research influence is now not limited to the West, but is
growing rapidly in the Asian region, which will continue to be a major player in scientific and technological innovation

in the future.

Corresponding Author’s Countries and Most Cited Countries
Our findings provide insight into countries’ contributions to global scientific publications, with China, India, and the

United States at the top of the list in terms of the number of articles published. China led with 4773 articles, covering
nearly a quarter of the total publication. India also showed significant strength with 3531 articles. It reflects the
dominance of major countries in the research world, especially in the fields of technology, medicine, and science,

where they play a major role in the innovation and development of science as shown in Figure 3.
But what’s interesting about this data is the pattern of collaboration that appears in scientific publications. Countries

such as China and India are mostly dominated by writers who work independently as corresponding authors (SCPs), with
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most articles published by one main author. Nevertheless, collaboration remains important, as seen in the percentage of
articles with multiple corresponding authors (MCPs), which are lower in these major countries. This could indicate that
while individual contributions are important, broader collaboration outside their country also plays a role in the quality
and impact of scientific publications.

On the other hand, countries such as Saudi Arabia and Pakistan are showing a greater tendency toward collaboration.
This is reflected in the percentage of articles with higher multiple corresponding authors in both countries. This may
indicate that, despite their lower number of publications, collaboration is becoming an important strategy to increase the
visibility and influence of their research at the global level. This collaboration can also accelerate research progress by
utilizing the expertise of various international institutions.

In addition, countries such as Indonesia with a lower number of publications (109 articles) showed a tendency to work
more individually. This shows that although Indonesia contributes to global research, they tend to focus on domestic or
local research. This can be an indication of the need for increased international cooperation and integration in global
research networks to increase the impact and quality of Indonesian research.

Overall, we highlights the importance of collaboration in the world of scientific research. Although major countries
dominate in terms of the number of publications, other countries that tend to collaborate more can benefit from
international cooperation to improve the quality and visibility of their research.

The data on the countries with the highest number of citations provides an interesting picture of the global scientific
impact described in Figure 4. China, India, and the United States dominate in terms of the total number of situations
(TCs), reflecting their great contribution to global research. China, with 23,716 citations, shows how wide the country’s
research scope is. Although India has a lower number of citations than China (13,755), this figure still reflects that India’s
research has a significant impact on the global scientific community. On the other hand, the United States with 10,115
citations has a higher average article citations of 6.30, which show greater quality and influence than scientific works
originating in the country.
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Figure 4 Most cited countries. This figure shows the countries with the highest citation counts. Each bar (or bubble, if applicable) represents a country, and its length/size
corresponds to the total number of citations received. Numbers inside or beside the bars indicate the exact citation counts for each country.
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More interesting, however, are the countries with very high average citations despite their relatively lower totality.
For example, Qatar, with 466 citations, has an average article citations of 12.90, which is one of the highest on this list.
This shows that although their publications are not as much of a major country, the scientific work originating from Qatar
is highly regarded and widely referred to by other researchers. Smaller countries such as Ireland (12.10), Ethiopia
(10.30), and Switzerland (9.90) also showed striking figures in terms of average citations, indicating high quality in their
research despite lower publication volume.

Countries such as Indonesia and Algeria with lower citations (218 and 214, respectively) have also lower citations.
This may indicate that while these countries contribute to global research, their works may not receive the same
recognition in terms of citations as compared to countries with more publications or more international collaborations.
Overall, this reveals the importance of the quality of research reflected in the number of citations per article. Countries
with high citations such as Qatar and Ireland have shown that quality can outperform quantity in terms of scientific
influence. Major countries with a high number of publications, such as China and the United States, also show that they
have a great influence both in the number of publications and in the impact of citations.

Most Global Cited Documents

Table 3 showcases the top 50 most globally cited scientific documents, highlighting their profound impact and central
role in advancing research at the intersection of medicine and artificial intelligence (AI). These influential works not only
boast remarkable citation records but also contribute groundbreaking methodologies and transformative insights—
particularly in the realms of medical imaging, cancer diagnostics, and the integration of machine learning (ML) into
clinical practice. Their prominence underscores the growing synergy between computational innovation and healthcare
solutions, positioning them as foundational references for both current research and future breakthroughs.

These documents present a strong global trend in Al integration for medical diagnosis, especially brain imaging and
cancer. The high degree of normalization of citations in some articles suggests that the scientific influence is not only
quantitatively broad but also contextually relevant. Articles from reputable journals such as Nature and Cell also show
high scientific validation, marking an important meeting point between basic science, cutting-edge technology, and
clinical applications.

This collection of documents with the highest citations marks significant developments in the use of artificial
intelligence (AI) technology and machine learning in the health field, especially in medical imaging-based diagnostics.
Article Bilic et al (2023), as the most widely criticized, is an important marker that the effectiveness of the algorithm
cannot be judged only by technical metrics, but also by applicative contexts such as organ type or targeted tumor type.
This reinforces the narrative that cross-domain validation is essential in the development of Al-based systems in the
medical field.

Besides, articles like those written by Kumar et al (2023) and Soomro et al (2023) show great value from literature
studies or systematic reviews. In this age of knowledge acceleration, a comprehensive review of datasets, classification
techniques, and research trends over two decades has become an important asset for new researchers and policymakers.
The high number of citations in this type of article also signifies the need for a comprehensive knowledge structure as the
foundation of subsequent innovations.

Several other studies, such as those written by Loyfere et al (2023) and Sorin et al (2023), it showed a cross-disiplin
approach that began to dominate the global scientific landscape. Both combine genetic sequencing, biomolecular, and Al
methods to generate deep insight into tumor micro-environment and genetic expression. It depicts a new direction of
health research in which bioinformatics, precision medicine, and Al technology come together to answer complex
challenges in the modern medical world.

Interestingly, transformer and CNN usage trends in articles such as He et al (2023) and Mahmud et al (2023)
demonstrate the architectural evolution of Al models from mere image recognition to more complex and interpretive
spatial representations. This phenomenon opens up great opportunities in building a clinical decision support system
(CDSS) that is not only accurate, but also able to provide visual reasoning that health workers can understand. Thus, this
trend of highlighted documents reflects not only technical success, but also the transition to more ethical, transparent, and
applicative Al in real terms.
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Table 3 Most Cited Documents

preliminary information.

Author | Journal Total TC NTC | Research Highlight Al Used Al Model Cancer Type
Citations | per
Year
[52] Med Image Anal 491 | 163,67 | 54,79 | Reveals that not all advanced segmentation algorithms can Deep Learning U-Net, CNN Liver Cancer
effectively detect liver tumors.
[53] J Ambient Intell 441 | 147,00 | 49,21 | Presents a comprehensive survey on medical image datasets Machine Learning Not specified General
Humanized and feature extraction and classification techniques.
Comput
[54] Cell 247 | 82,33 | 27,56 | Discusses major challenges of ML on imaging and molecular Machine Learning Not specified General
data, as well as ML models approved by regulators.
[55] Nature 230 | 76,67 | 25,67 | Develops a human methylome atlas through deep bisulfite Not specified Not specified General (Epigenetics)
sequencing.
[56] Intell Med 221 73,67 | 24,66 | Investigates the application of transformers in different learning | Transformer, Deep Transformer General
paradigms and enhances model efficiency. Learning (BERT, etc).
[57] Neurosci Inform 213 53,25 | 11,84 | Multiclass skin cancer classification using EfficientNets Deep Learning EfficientNet Skin Cancer
efficiently.
[58] Expert Syst Appl 193 64,33 | 21,54 | Model with two optimizers (Adam & Adadelta), outperforming | Deep Learning Adam, Adadelta General (Al Techniques)
other state-of-the-art techniques.
[59] IEEE Rev Biomed 176 58,67 | 19,64 | Comprehensive review of brain tumor segmentation research | Not specified Not specified Brain Cancer
Eng from MRI images (1998-2020).
[60] Algorithms 169 56,33 | 18,86 | Proposes a new CNN for brain tumor identification and Convolutional ResNet-50, Brain Cancer
compares it with ResNet-50, VGG 6, Inception V3. Neural Networks VGG 6, Inception
V3
[61] Comput Biol Med 165 55,00 | 18,41 | Study on Al methods (supervised, unsupervised, DL) for brain | Deep Learning, CNN, Random Brain Cancer
tumor diagnosis based on MRI. Supervised Learning | Forest, SVM
[62] Cancers 163 54,33 | 18,19 | Enhances diagnostic capability for patients and medical Not specified Not specified Brain Cancer
practitioners facing brain cancer.
[63] ) Digit Imaging 163 54,33 | 18,19 | Combines convolution and identity mapping to maintain object | Convolutional CNN (Not General
characteristics accurately. Neural Networks specified)
[64] Nature 162 54,00 | 18,08 | Al improves understanding of tumor microenvironment Machine Learning Not specified Cancer (General)
features that could impact clinical practice.
[65] Signal Transduct 160 53,33 | 17,85 | Gives an overview of PDX models history and their Not specified Not specified Cancer (General)
Target Ther establishment process, highlighting new technologies in PDX
research.
[66] Am ] Obstet 151 50,33 | 16,85 | Evaluated the model’s ability to handle clinical-related queries. | Natural Language ChatGPT General (Clinical)
Gynecol In its current form, ChatGPT can be valuable for users wanting | Processing

(Continued)
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Table 3 (Continued).

Author | Journal Total TC NTC | Research Highlight Al Used Al Model Cancer Type
Citations | per
Year
[67] Multimedia Tools 150 50,00 | 16,74 | Assists healthcare community by enabling practitioners to Deep Learning Not specified General (Healthcare)
Appl choose appropriate diagnostic techniques with reduced time
and high accuracy.
[68] MedComm 141 47,00 | 15,73 | Provides important guidance for researchers entering multi- Not specified Not specified General (Medical
omics medical research. Research)
[69] J Hematol Oncol 141 35,25 7,84 | Developed a nomogram model for predicting postoperative Machine Learning, ML-Pathomics Colorectal Lung
survival in colorectal lung metastasis patients. Radiomics Signature, Metastasis
Immunoscore
[70] Bioengineering 140 | 46,67 | 15,62 | Brain tumor detection and classification using deep learning Deep Learning Grey Wolf Brain Cancer
and sine-cosine fitness Grey Wolf Optimization. Optimization,
CNN
[71] Alexandria 139 | 46,33 | 1551 | Proposes a deep learning architecture for multi-class Deep Learning (DL) | Multi-class Lung Cancer,
Engineering classification of Pneumonia, Lung Cancer, Tuberculosis, Lung Classification Pneumonia,
Journal Opacity, and COVID-19 using CXR images. Model Tuberculosis, COVID-
19, Lung Opacity
[72] Semin Cancer 136 45,33 | 15,18 | Provides evidence regarding Al’'s application in lung cancer Al, Machine Learning | Not specified Lung Cancer
Biol diagnostics and clinical prognosis.
[73] Nat Med 134 44,67 | 14,95 | Trained machine learning models on disease codes in clinical Machine Learning CancerRiskNet General (Cancer)
histories for cancer prediction.
[74] IEEE Trans Med 133 44,33 | 14,84 | Developed adaptive attention U-net (AAU-net) for segmenting | Deep Learning Adaptive Breast Cancer
Imaging breast lesions from ultrasound images. Attention U-net
(AAU-net)
[75] Nat Commun 132 44,00 | 14,73 | Utilized Raman spectroscopy to study human hepatic tissue for | Spectroscopy, Al Not specified Liver Cancer
liver cancer diagnosis.
[76] Nat Mach Intell 132 | 44,00 | 14,73 | Multimodal data fusion for cancer biomarker discovery using Deep Learning, Not specified General (Cancer)
deep learning. Multimodal
[77] Trends 127 42,33 | 14,17 | Discusses the balance between novelty and confidence in Not specified Not specified General (Pharmacology)
Pharmacol Sci target selection for cancer therapies.
[78] Int ] Biomed Eng 126 42,00 | 14,06 | Uses a novel deep learning-based model for detecting tiny Deep Learning CNN General (Cancer)
Technol cancer cells and accurately diagnosing cancer.
[79] Nucleic Acids 123 30,75 6,84 | Demonstrates that DeepST has exceptional capacity for Deep Learning DeepST General (Spatial Biology)
Res identifying spatial domains.
[80] Healthc Anal 120 | 40,00 | 13,39 | Presents a comprehensive review of deep neural networks and | Deep Learning Not specified General (Healthcare)

medical imaging.
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[81] Comput Biol Med 120 | 40,00 | 13,39 | Review of XAl for biomedical imaging diagnostics, with future | XAl, Deep Learning | Not specified General (Biomedical
directions for XAl. Imaging)
[82] Expert Sys Appl 118 39,33 | 13,17 | Brain tumor segmentation using MRI based on deep U-Net Deep Learning Deep U-Net Brain Tumor
model with boundary information.
[83] Nat Med 117 39,00 | 13,06 | MSDLM’s decisions were based on established cellular patterns | Al, Deep Learning MSDLM General (Cancer
of anti-tumor immunity. Immunology)
[84] Meas | Int Meas 116 38,67 | 12,94 | loT-based patient monitoring system for predicting heart Deep Learning Not specified Heart Disease
Confed disease using deep learning.
[85] J Clin Oncol 115 38,33 | 12,83 | Validated deep learning model to predict future lung cancer Deep Learning Deep Learning Lung Cancer
risk from CT scans.
[86] IEEE Access 115 38,33 | 12,83 | Compiles materials for tumor understanding, trends, and Deep Learning Not specified General (Cancer)
advancements in cancer research.
[87] Multimedia Tools 114 38,00 | 12,72 | The effect of optimizer algorithms in improving computer Deep Learning Not specified General (Computer
Appl vision tasks. Vision)
[88] J 114 38,00 | 12,72 | Examines Al and ML algorithms in cancer prediction, Al, Machine Learning | Not specified General (Cancer)
Multidisciphealthc applications, limitations, and future prospects.
[89] Comput Biol Med 114 38,00 | 12,72 | Benefits of multi-modal and multi-scale learning in analyzing Deep Learning Multi-Modal Brain Cancer
brain MRI. Learning
[90] Diagn 112 37,33 | 12,50 | Investigates challenges and future research directions in breast | Deep Learning Not specified Breast Cancer
cancer detection.
[9o1] Comput Methods 11 37,00 | 12,39 | Summarizes recent developments in residual neural networks | Deep Learning, ResNet General (Medical
Programs Biomed for medical image processing. ResNet Imaging)
[92] Sci Data 107 26,75 5,95 | Provides scripts for image processing and conversion for deep | Deep Learning Not specified General (Medical
learning-based analysis of PET/CT data. Imaging)
[93] Cancers 106 3533 | 11,83 | Discusses the need for more public standard databases for Deep Learning ViT, Ensemble Cancer Diagnosis
cancer and the potential of multimodal data fusion in cancer Learning, Few-
diagnosis. Shot Learning
[94] Nat Med 103 3433 | 11,49 | Develops a deep learning approach (PANDA) for pancreatic Deep Learning PANDA Pancreatic Cancer
cancer detection using non-contrast CT.
[95] Sci Rep 103 25,75 5,73 | Proposes a GAN-based architecture for medical image Generative GAN-based General (Medical
resolution enhancement. Adversarial Architecture Imaging)
Networks (GAN)
[96] IEEE Access 102 34,00 | 11,38 | Develops reliable deep learning models for skin cancer Deep Learning Not specified Skin Cancer
classification.
[97] Cancers 101 33,67 | 11,27 | Builds a multi-classification technique for diagnosing various Deep Learning Not specified Skin Cancer (Melanoma,
skin cancers. BCC, SCC, MN)
(Continued)
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Table 3 (Continued).

Author | Journal Total TC NTC | Research Highlight Al Used Al Model Cancer Type
Citations | per
Year
[98] Bioeng 101 33,67 | 11,27 | Discusses future research directions for machine learning- Machine Learning Not specified General (Cancer)
based gene expression analysis in cancer classification.
[20] Sci Rep 98 24,50 5,45 | Develops and validates a DL-based model for lung cancer Deep Learning Not specified Lung Cancer
detection using chest radiographs.
[99] Biomed Signal 97 48,50 | 39,20 | Proposes a novel three-branch hierarchical multi-scale feature | Convolutional Hierarchical General (Medical
Process Control fusion network for medical image classification. Neural Networks Multi-Scale Imaging)
(CNN), Self- Feature Fusion
Attention Network
[100] Cancer Cell 97 32,33 | 10,82 | Develops a transformer-based approach for predicting Transformer-based Transformer Colorectal Cancer
microsatellite instability in colorectal cancer with high Approach Model (Microsatellite

sensitivity and negative predictive value.
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Most Frequent Words

The increasing frequency of words such as deep learning, machine learning, and convolutional neural networks indicates that
the revolution of artificial intelligence in the medical world is not just a technological trend, but has been transformed into a
new paradigm in how humans understand, map, and intervene in disease. This phenomenon reflects a major shift from a
clinical intuition-based approach to a data- and algorithm-based approach. When deep learning models begin to rival, or even
surpass the performance of human clinicians in certain tasks, an important question arises: not just how do algorithms work,
but how far are we prepared to adopt and account for the decisions produced by machines as shown in Figure 5.

The dominance of terms such as “diagnostic imaging”, “diagnostic imaging”, and “diagnostic test accuracy study”
suggests that the main concern of current research is not just early detection, but on ethically and clinically reliable
diagnostic accuracy. With the emergence of diseases such as lung cancer and breath cancer at the top of the list, it can be
read that the current focus of global research targets diseases with high mortality and high morphological complexity—
where misdiagnosis has great implications for the patient’s quality of life. The key to model excellence lies not only in its
algorithms, but in how it integrates optimal sensitivity and specificity values evenly.

In the deeper spectrum, terms such as “radiomics”, “histopathology”, “feature extraction”, and “transfer learning”
suggest that research does not stop at visualization, but instead breaks the limits of interpretation into more deep
biological representations. This is where artificial intelligence plays a transformative role: not just as a clinical aid, but as
a means of dismantling disease microstructures—a domain previously accessible only through experimental laboratories
or invasive biopsy. Thus, Al in medicine is not only about efficiency, but also about bringing fairness to access to state-
of-the-art diagnostic technologies, especially to countries with limited resources.

Finally, the emergence of terms such as controlled studies, cohort analysis, and retrospective studies suggests that
there is methodological caution in integrating Al into healthcare systems. Research is no longer solely oriented towards
technological novelty, but also takes into account the validity of causality and clinical relevance. In this context,

evidence-based approaches have begun to form strong nodes with data-driven approaches. The medical world now
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stands at the historical crossroads between humanism and automation—where technology must remain on the ethical
side, and scientific progress must be constantly tested by empathy for human suffering.

Trending Topics

Keyword analysis results show that cancer research is now in a very rapid digital transformation phase. Al has become a
strategic partner in efforts to detect, diagnose, predict, and treat cancer. However, this integration must continue to be
accompanied by data usage ethics, clinical validation, and multidisciplinary collaboration to ensure that the benefits are
not only technological but also transformative in the global healthcare system.

The results of analysis of the keyword plus Figure 6A and keyword author Figure 6B confirmed that in recent years,
cancer research has been greatly influenced by advances in artificial intelligence technology, especially deep learning and
convolutional neural network (CNN). Very high frequencies for keywords such as deep learning (21,698) and CNN
(4894) suggest that this approach has become a major tool in medical image processing to detect, classify, and predict the
presence of cancer, including lung and breast cancer. This trend is in line with the urgent need for faster, more accurate,
and non-invasive cancer diagnosis. In the context of cancer, time is a crucial factor. Early detection has a profound effect
on prognosis and the success of therapy. Therefore, the use of Al to accelerate and improve accuracy in reading MRI, CT-
scan, and mammogram results is vital, especially in areas with limited medical specialists.

The consistent emergence of keywords such as medical imaging, diagnostic imaging, and image segmentation in
2023-2024 reinforces the conclusion that Al has integrated into modern diagnostic infrastructures. Even concepts such as
image enhancement and feature extraction, which were previously computer engineering domains, are now an integral
part of cancer research clinics and labs. This marks a new chapter of the convergence of technology and healthcare.
Meanwhile, topics such as sensitivity and specificity, diagnostic accuracy, and receiver operating characteristics reflect
the scientific community’s concern for the validity of Al models. In the context of cancer, misdiagnosis can be fatal.
Therefore, performance testing of models with classical statistical parameters is still urgently needed. This is a reminder
that Al-based approaches must remain based on rigorous scientific principles and can be clinically accounted.

The emergence of computer-aided diagnosis, machine-learning, and computer-assisted tomography also suggests that
Al does not replace the role of doctors, but rather strengthens it. Al is positioned as a second reader or clinical assistant
that helps speed up decision making. In cancer diagnosis, especially brain, lung, and breast tumors, this role becomes
very strategic because it is able to filter out large numbers of anomalies with high consistency. In addition to technical
aspects, keyword trends such as cohort analysis, controlled studies, and retrospective studies show that cancer research
still demands a strong epidemiological approach. Al can excel in prediction, but to establish causality and formulate
public policy requires rigorous classical research design. This combination of approaches signifies a paradigm shift from
evidence-based medicine to Al-assisted evidence-based practice.

The emergence of topics such as Epstein—Barr virus infections and histopathology also suggests that cancer research
relies not only on image, but also on molecular and immunology. Epstein—Barr, for example, is a known virus associated
with nasopharyngeal cancer. In this context, Al has also begun to be used to analyze gene expression, DNA methylation,
to classification of immune cells. This asserts that Al not only becomes a visualization tool, but also a molecular
instrument. Keywords such as radiomics, transfer learning, and deep neural networks indicate that cutting-edge Al
techniques are used to extract hidden information from image and genomic data. Radiomics, for example, allows the
extraction of quantitative features from medical images that were previously invisible to the human eye. Transfer learning
accelerates the adoption of models in new domains with little data. This is relevant in the context of rare cancers where
the number of cases is limited. Temporarily, analysis shows that the dominance of deep learning, medical imaging, and
CNN has occurred since 2023 with consistent projections until 2025. This reflects that the field is not yet saturated and
there are still many innovation spaces, especially on sub-topics such as electrotherapeutics, photointerpretation, and
arthroplasty. The emergence of these new topics suggests that Al penetration into clinical domains is becoming wide-
spread and unstoppable.
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Figure 6 Most frequent Keyword Plus. (A and B) illustrate the temporal trends of the most frequent Keywords Plus across the dataset. Each dot represents the appearance
of a keyword in a given year, and the size of the dot reflects the frequency of the term. The horizontal lines indicate the time span during which the keyword was actively
used in publications. (A) highlights terms with higher frequencies (5000-20,000 occurrences), while (B) shows emerging and specialized terms (2000-8000 occurrences).

Co-Occurences

To increase the understanding of co-occurrence in the context of cancer and Al research, consider the parameters used in
this tissue analysis. This analysis uses several parameters to manage and optimize the representation of relationships
between keywords, as well as to explore further insights into collaboration and inter-concept relationships in Al-based
cancer research. Network layout settings are automatically used to organize nodes (points) and edges (relationships) in
the network. With automatic layout, each node’s position is based on a principle that prioritizes inter-element relation-
ships, which aids in network visualization so as to facilitate understanding of key word relationships as shown in
Figure 7. This automatic layout facilitates the identification of patterns in cancer and Al research. The clustering
algorithm used in this analysis is Walktrap, which allows for the division of keywords into more organized groups.
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This algorithm identifies subgroups within tissues based on their proximity, thus helping in mapping keywords related to
cancer and Al into more relevant categories. For example, keywords such as deep learning and convolutional neural
networks will tend to be in the same group, indicating a close relationship between the two technologies in cancer
research.

Normalization using association aims to measure how strong the relationships between keywords in the network are.
In this case, the association helps to assess whether the two keywords that often appear together in the literature have
significant correlations. For example, if lung cancer and deep learning keywords often appear together in research, high
associations will show that Al technology has a strong application in lung cancer diagnosis. In this analysis, Node Color
by Year is not enabled, which means that the color of the node is not based on the year of publication or trend
development. Instead, the main focus is on grouping keywords and their interrelationships regardless of specific time.
However, without year-based coloring, we can still gain a strong understanding of key concepts that are constantly
evolving in cancer and Al research.

The number of nodes in this analysis refers to the keywords being analyzed. Each keyword that appears in cancer-
related publications and Al becomes a node in the network. By identifying the number of nodes, we can measure how
many concepts or topics relevant to cancer research and Al are explored in the literature. Repulsion forces are used to
ensure that the nodes connected in the network are not stacked on top of each other and have space to be clearly
separated. This parameter aims to provide sufficient distance between nodes, facilitate network visualization, and ensure
that the related keywords remain visible separately but still show a clear relationship with each other. In this analysis,
Remove Isolated Nodes is enabled, which means that keywords that do not have a direct relationship with other
keywords will be removed from the network. This is important because it ensures that the formed tissue actually reflects
keywords that have significant relevance in cancer and Al research, eliminating keywords that may arise by chance or
have no effect on the main context. The minimum number of edges (relationships) used to maintain connections between
nodes helps focus analysis on keywords that have more frequent interactions in publications. In the context of cancer
research, it ensures that only relevant and frequently co-occurring keywords are taken into account, allowing us to gain a
more meaningful insight into the relationship between Al technology and cancer disease.

Keywords of deep learning emerged as a central element in co-occurrence analysis, suggesting that this technology
was the backbone in cancer research. Deep learning, especially using convolutional neural networks (CNNSs), has been
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Figure 7 Most frequent Keyword Plus. This figure presents a network visualization of the most frequent Keywords Plus, showing their relationships based on co-occurrence
within the dataset. Node size represents the frequency of each keyword, while edge thickness indicates the strength of co-occurrence between terms. Clusters are visually
grouped to highlight thematic research areas.
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shown to be very effective in analyzing medical images, such as radiological or histopathological images, to detect
cancer at an early stage. This opens up great opportunities to improve diagnosis accuracy, speed up identification, and
reduce human errors described in Figure 8. Medical imaging, including techniques such as magnetic resonance imaging
(MRI) and computerized tomography (CT), is closely related to Al technology. In cancer research, Al is used to process
medical images more deeply and more quickly, enabling faster and more accurate tumor identification. This technology
utilizes image segmentation and image enhancement techniques to improve image quality and facilitate cancer detection,
for example, in the case of lung or breast cancer.

Keywords for diagnosis and diagnosis highlight the crucial role Al plays in predicting and diagnosing different types
of cancer. Through large and complex data analysis, Al models are able to find patterns that cannot be detected by
conventional methods. This is particularly important in early identification of cancer, which increases the chances of
successful treatment. Many cancer studies rely on controlled studies to test the effectiveness of various medical therapies
or procedures. Controlled studies and major clinical studies identified in this analysis show that Al can contribute greatly
to designing and analyzing data from these studies. Al can help manage patient data more efficiently and identify useful
patterns for clinical assessment. Keywords algorithms and neural networks emphasize the importance of developing
advanced algorithms used in cancer data analysis. For example, Al algorithms can be used to model complex relation-
ships in genetic or molecular biology data, allowing a deeper understanding of cancer risk factors and their develop-
mental mechanisms. One of the major challenges in cancer diagnosis is ensuring high accuracy. Diagnostic accuracy,
sensitivity, and specificity are highly considered aspects of the development of Al models for cancer. The use of Al can
increase diagnosis accuracy by reducing human error and increasing consistency in medical image interpretation. Al has
also begun to be used in support of computer-aided diagnosis (CAD), a system that helps doctors diagnose and plan
medical procedures. Al-based CAD enables increased accuracy in determining cancer types and plans the most
appropriate therapy for patients.

The transfer learning keyword suggests that cancer research utilizes Al models that can be applied to multiple
domains with few adjustments. With transfer learning, AI models that have been trained in one type of data (eg, breast
image) can be applied to other data (eg, lung image), which is very useful for expanding Al applications in cancer
research without requiring very large training data. Radiomics, which deals with radiomics, uses medical image data
analysis to explore the microscopic characteristics of tumors. Through Al analysis, this information can be explored to
provide more in-depth insight into the nature and potential of tumors, which ultimately supports the development of more
personalized therapy. With more sophisticated tools such as predictive models and image analysis, researchers can devise
a more appropriate approach to treating cancer patients. Through deep data analysis, Al provides faster, more efficient,
and more targeted solutions in planning treatments that fit the patient’s condition.

Factorial Analysis

Factorial analysis that utilizes CA and MCA on different types of keywords helps researchers and policymakers understand
how cancer and Al research is progressing. These findings provide a strong basis for forming funding strategies, compiling
academic curricula, or focusing collaboration between institutions in this rapidly growing field. Identification of dominant
conceptual dimensions is also important to map future research roadmaps (roadmaps). Factorial analysis or factorial analysis is
used to identify and visualize latent dimensions (hidden) in bibliometric data sets. In the context of cancer and Al research, this
technique helps to explore conceptual structures through frequently emerging keywords. This method simplifies data
complexity and allows identification of the theme cluster underlying the vast literature as shown in Figure 8.

The Correspondence Analysis (CA) method with Keyword Plus produces the first dimension (DIM1) describing
36.05% of the total data variation, while DIM2 accounts for 8.73%. This shows that more than a third of conceptual
information can be represented in just one dimension. Keyword Plus, generated automatically by indexing systems such
as Web of Science, describes key research-related topics, and is powerful in revealing common themes of cancer research
involving Al In contrast to Keyword Plus, analysis of Author Keyword showed significantly lower variance: only 5.27%
for DIMMI1 and 3.73% for DIMM2. This indicates that keywords manually defined by the author do not significantly
capture strong latent structures in the data. This could be due to variations in terminology or inconsistencies in the use of
terms by different authors.
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Figure 8 Conceptual structure maps using bibliometric techniques. (A-D) present visual representations of conceptual structures derived from the research corpus. (A)
shows the Correspondence Analysis based on Keywords Plus, (B) shows the Correspondence Analysis based on Author Keywords, (C) shows the Multiple
Correspondence Analysis (MCA) using Keywords Plus, and (D) shows the Multiple Correspondence Analysis (MCA) based on Author Keywords. These plots illustrate
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As the analysis was expanded to Multiple Correspondence Analysis, there was a significant increase in the proportion
of the described variation. MCA allows simultaneous analysis of more than two categories or data dimensions. In
bibliometric contexts, this provides a deeper understanding of complex relationships between various keywords. Multiple
Correspondence Analysis with Keyword Plus produced remarkable results, with DIMM1 accounting for 80.01% of the
variance, and DIMM?2 at 8.76%. Figure 8 indicates that major themes in cancer and Al research are highly concentrated
on one major conceptual axis. The size of DIMMI1 contributions also indicates that there is a great similarity in the way
themes such as deep learning, medical imaging, and diagnosis are shared.

MCA on Author Keyword generated 37.21% for DIMMI1 and 14.66% for DIMM2. Although higher than CA, this
value is still much lower than MCA on Keyword Plus. However, a more equitable distribution of variation between
DIMMI1 and DIMM?2 shows that there are two important axes representing the dominant themes in research, reflecting
the diversity of terminology and the research approach of authors. DIM1 generally reflects the main dimensions of
research—eg, technology-based approaches such as deep learning, convolutional neural networks, and image analysis.
Meanwhile, DIM2 can reflect secondary dimensions such as break cancer, lung cancer, histopathology, or methods of
validation (diagnostic accuracy, sensitivity, and specificity).

The results of the analysis show that Keyword Plus provides a more uniform and structured trend picture in Al-based
cancer research. It is suitable for use when wanting to understand large consistent themes in literature and establishing an
early taxonomy for research topics. When an area like Al in cancer diagnosis progresses rapidly, Keyword Plus becomes
an important tool to capture the emergence of new technologies or methods. Although the Author Keyword provides a
lower proportion of variation, these keywords remain relevant to detecting new, special, or micro-trend topics. Terms
such as radiomics, transfer learning, or neural networks may appear more quickly through keywords from authors than
automated systems, making them an important tool for horizon scanning studies as shown in Table 4.

One of the notable findings of Multiple Correspondence Analysis (MCA) on Keyword Plus is the emergence of
keywords such as histopathology, human tissues, and computerized tomography. All three reflect imaging-based
diagnostic approaches and biological tissue studies, which form the foundation in the development of Al models for
accurate and non-invasive detection of cancer.

The emergence of histopathology and human tissues signifies the importance of real biomedical data in training
artificial intelligence algorithms. This suggests that cancer research is not only focused on the computational aspect, but
also highly integrated with the field of clinical medicine. Computerized tomography (CT) is a major source of imaging
data that is often processed by Al in the classification of cancer types, especially the lungs and brain.

On the MCA Author Keyword, there appears to be dominance of popular deep learning architectures such as VGG16,
ResNet50, and U-Net. The emergence of these models suggests that most Al-based cancer research relies on Convolutional
Neural Networks (CNN) which has been shown to be effective in visual pattern recognition of medical images.

In addition to the AI model, MCA also features an explicit focus on specific types of cancer such as skin cancer,
melanoma, and prostate cancer. This indicates that Al applications are not uniform across all types of cancers, but are
highly dependent on data availability, visual characteristics of the disease, and their prevalence in the population.

The emergence of keywords such as mammography, digital pathology, radiotherapy, and ultrasound in the MCA
Author Keyword expands the spectrum of imaging modality analyzed by AI. This indicates that the multi-modal
approach (the combination of data from multiple sources) is increasingly becoming a trend in research to improve the
accuracy of cancer diagnosis.

Table 4 Total Variance

Methods DIM | DIM2
Correspondence Analysis Keyword plus 36.05% 8.73%
Correspondence Analysis 5.27% 3.73%

Author keyword
Multiple Correspondence Analysis Keyword plus 80.01% 8.76%
Multiple Correspondence Analysis Author keyword 37.21% 14.66%
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The terms histopathological images and radiomics indicate the trend of integrating quantitative data from medical
images to produce signatures or biological markers. Radiomics, in particular, is an area that utilizes Al to extract
numerical features from tumor images for prediction of therapy responses or prognosis, marking the shift from
conventional visual diagnosis to data-based predictive approaches.

In Correspondence Analysis on Keyword Plus, findings such as image enhancement, lung cancer, and transfer
learning show a focus on engineering and practical application aspects. Image enhancement is used to improve image
quality before classification, while transfer learning allows training models with limited data—a critical strategy in
medical research.

The emergence of transfer learning on CA Keyword Plus underscores the urgent need for efficiency in training Al
models on limited and sensitive medical data. In the context of cancer, where manual annotation data is very expensive
and difficult to obtain, this strategy allows for faster adoption of Al technology in medical institutions.

In Correspondence Analysis of Author Keywords, keywords such as attention mechanisms, transformers, and CNN
appear. This indicates an evolution in the approach of Al models from traditional CNNs to attention-based models, such
as Transformer which was originally popular in the NLP field but is now used in medical image analysis.

Conclusion

This study provides a comprehensive bibliometric analysis of the intersection between artificial intelligence (Al) and
medical research, highlighting influential publications, emerging trends, and conceptual structures within the domain.
Through the integration of various statistical and visual methods such as Correspondence Analysis (CA) and Multiple
Correspondence Analysis (MCA), we were able to map the intellectual and thematic landscape of the field. The
identification of dominant research themes, ranging from cancer diagnostics to deep learning-based medical imaging,
underscores the pivotal role Al plays in transforming healthcare delivery and decision-making. The results demonstrate a
rapidly growing body of literature, with several key documents exhibiting exceptionally high citation impact, reflecting
both methodological innovation and practical relevance. Clustering and factor mapping revealed strong semantic
relationships among terms, indicating that Al applications are increasingly focused on improving diagnostic accuracy,
efficiency, and clinical outcomes. In summary, the integration of Al into medical research is not only expanding but also
becoming more specialized and impactful. This bibliometric study serves as a valuable reference for researchers,
policymakers, and practitioners aiming to navigate and contribute to this evolving field. Future investigations may
benefit from longitudinal studies and dynamic topic modeling to track the evolution of Al in medicine more granularly
over time. Future research may benefit from integrating bibliometric insights with empirical clinical data, cross-domain
comparative analyses, and dynamic topic modeling, in order to capture the temporal evolution, translational impact, and
ethical dimensions of Al applications in medicine.
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