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Global trends and hotspots of machine learning in the diagnosis of 
prostate cancer: a bibliometric analysis from 1997 to 2024

PURPOSE
Prostate cancer (PCa) diagnosis has advanced with the integration of machine learning (ML). This 
study analyzes global trends in ML-based PCa diagnosis research using bibliometric methods.

METHODS
A systematic search was conducted in the Web of Science Core Collection database for articles 
published between 1997 and 2024. Bibliometric analysis was performed using VOSviewer (v1.6.20), 
CiteSpace (v6.3.R1), and R (v4.3.3).

RESULTS
The analysis included 1,045 articles, involving 6,704 authors from 4,762 institutions across 327 
countries or regions. The number of publications increased over time, rising sharply from 2018. 
China published the highest number of articles (290), whereas the United States demonstrated 
the greatest research impact, leading in total citations (8,207) and international collaborations. The 
Berlin Institute of Health published the highest number of articles (120). Within this dataset, Euro-
pean Radiology had the highest H-index. Key authors included Stephan C, Jung K, and Cammann 
H. Keyword analysis identified “system,” “MRI,” and “guidelines” as prominent terms, with emerging 
trends focusing on “convolutional neural network,” “data system,” and “transfer learning.”

CONCLUSION
ML in PCa diagnosis has advanced substantially, transitioning from fundamental biomarker investi-
gations to sophisticated deep learning applications centered on medical imaging. Future directions 
emphasize the development of accurate, generalizable ML models integrated into clinical work-
flows with a continued focus on convolutional neural networks and transfer learning.

CLINICAL SIGNIFICANCE
This study delineates the global research evolution of maching learning for prostate cancer diag-
nosis, offering clear clinical guidance for the translation and routine application of artificial intelli-
gence-assisted diagnostic models.
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Prostate cancer (PCa) is one of the most common malignancies in men and remains a 
major contributor to cancer-related morbidity worldwide.1 Recent estimates indicate 
that PCa is the second most frequently diagnosed cancer among men globally, with ap-

proximately 1.4 million new cases annually, and its incidence increases sharply after age 50.2,3 
Because early-stage PCa is often asymptomatic and diagnostic pathways are heterogeneous, 
improving diagnostic accuracy and efficiency remains clinically important.

Machine learning (ML), a key branch of artificial intelligence (AI), has increasingly been ap-
plied to medical diagnostics by identifying patterns in high-dimensional data that may be dif-
ficult to detect using conventional approaches.4 To improve detection, risk stratification, and 
clinical decision support in PCa diagnosis, ML has been explored across multiple data modali-
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ties, including multiparametric magnetic res-
onance imaging (mpMRI), digital pathology, 
serum and urine biomarkers, and electronic 
health records.5 However, translation into 
practice is constrained by issues such as data 
heterogeneity, limited external validation, 
interpretability, and regulatory and ethical 
requirements.6 Therefore, a structured over-
view of how this research area has evolved 
and which themes are currently emerging 
may help guide future methodological and 
clinical work.

Bibliometric analysis quantitatively char-
acterizes scientific literature by identifying 
influential contributors (authors, institutions, 
and journals), collaboration patterns, and 
evolving research topics using citation- and 
keyword-based mapping.7,8 Several recent 
bibliometric studies have examined AI in 
PCa-related research. For example, Wei et 
al.9 reported rapid growth in AI–PCa publi-
cations over the last decade, with the United 
States and China as major contributors and 
an increasing emphasis on deep learning for 
imaging tasks. However, existing bibliomet-
ric work often focuses on broader AI applica-
tions or more recent time windows and may 
not isolate diagnostic research as a primary 
theme.10

To extend and complement prior stud-
ies, we conducted a bibliometric analysis of 

ML-based PCa diagnosis research. Our ob-
jectives were to quantify publication and ci-
tation trends over a longer historical period; 
map global collaboration networks among 
countries, institutions, and authors; identify 
influential journals and references; and de-
tect research hotspots and emerging topics 
through keyword co-occurrence and burst 
analyses. By explicitly focusing on diagnos-
tic applications and extending the timeline, 
this study aims to clarify how current themes 
(e.g., MRI- and deep-learning–driven ap-
proaches) align with or diverge from prior 
bibliometric findings, and to provide context 
for future research directions and clinical 
translation.

Search strategies and data source

This study was designed as a descriptive, 
cross-sectional bibliometric analysis of pub-
lished literature on ML in PCa diagnosis. The 
literature search was conducted in the Web 
of Science Core Collection (WoSCC), which 
was selected because it provides standard-
ized citation metadata and cited-reference 
fields that are directly compatible with com-
mon bibliometric tools (e.g., VOSviewer, 
CiteSpace, and bibliometrix). 

The search query applied was [WoSCC, 
topic search (TS)]: TS = (“prostat* cancer*” OR 
“prostat* carcinoma” OR “prostat* adenocar-
cinoma” OR “prostat* neoplasm”) AND TS = 
(“machine learning” OR “artificial intelligence” 
OR “machine intelligence” OR “deep learn*” 
OR “neural network*” OR “natural language 
process*” OR “hybrid intelligent system*” OR 
“CNN” OR “LSTM” OR “RNN”) AND TS = (diag-
nos*).11 In WoSCC, TS searches the title, ab-
stract, author keywords, and Keywords Plus. 
The wildcard diagnos* was used to capture 
multiple diagnostic-related word forms (e.g., 
diagnosis, diagnostic, diagnosed). As a veri-
fication step, we repeated the search using 
TS = (diagnosis OR diagnostic OR diagnosed) 
and confirmed that the retrieved record 
count was identical. 

The search covered articles published be-
tween January 1, 1997, and October 8, 2024. 
To minimize bias from database updates, all 
records were retrieved and exported on a 
single day (October 8, 2024). 

Records were included if they met all of 
the following criteria: 1. topic relevance: fo-
cused on PCa diagnosis and involved ML 
or AI methods (including deep learning or 
neural networks); 2. time window: published 
between 1997 and 2024 (up to October 8, 
2024); 3. language: English; and 4. document 
type: Article (as classified by WoSCC).

Records were excluded if they met any of 
the following criteria: 1. not related to diag-
nosis (e.g., ML studies limited to prognosis, 
treatment planning, basic laboratory mech-
anisms, or non-diagnostic screening without 
diagnostic intent); 2. not specific to PCa (e.g., 
multi-cancer studies without PCa-specific di-
agnostic analysis); 3. non-article document 
types (e.g., reviews, editorials, letters, meet-
ing abstracts) if not indexed as “Article” in 
WoSCC; and 4. duplicates identified during 
export or processing. 

No additional filter was applied to remove 
“Early Access” items. Therefore, any records 
indexed by WoSCC as “Article”—including 
those labeled as Early Access or originating 
from conference proceedings but catego-
rized as an Article—were eligible for inclu-
sion. We acknowledge that indexing timing 
for Early Access items may influence publica-
tion counts in the most recent year. 

The exported records included publica-
tion year, title, authors, affiliations, countries 
or regions, journal information, keywords, ci-
tation counts, and cited references, and were 
saved in plain-text format for subsequent 
bibliometric analysis. Because this study an-
alyzed publicly available bibliographic meta-
data and did not involve human participants 
or identifiable private information, ethical 
approval and informed consent were not re-
quired.

Statistical analysis and visualization

Data preprocessing and cleaning

Before mapping, we performed data 
cleaning to reduce noise caused by incon-
sistent WoSCC metadata. During data pro-
cessing, we encountered typical bibliometric 
challenges, including author name ambigui-
ty (e.g., authors with similar names or differ-
ent initials), keyword unification (synonyms 
and abbreviations), and institutional name 
variations (e.g., the same organization re-
corded under multiple spellings). 

We therefore applied a combination of 
automatic normalization and manual check-
ing. Specifically, author names were stan-
dardized by merging obvious variants based 
on consistent co-author patterns, affiliations, 
and research topics (e.g., abbreviated vs. 
full forms such as “Stephan C” and “Stephan 
Carsten” when they referred to the same indi-
vidual). Keywords were normalized by merg-
ing common abbreviations and equivalent 
terms (e.g., “MRI” and “magnetic resonance 
imaging”), as well as plural and singular 
forms and closely related expressions with 

Main points

•	 Global research on machine learning (ML) 
in prostate cancer diagnosis has grown rap-
idly, with publication output surging from 
2018 and a diverse, international research 
community contributing across 327 regions.

•	 China leads in publication quantity, where-
as the United States drives research impact, 
visibility, and collaboration, as reflected in 
citation counts and extensive international 
partnerships.

•	 Major institutions and authors shape the 
field, including the Berlin Institute of Health 
as a leading contributor and European Ra-
diology as a top publisher by H-index; key 
researchers include Stephan C, Jung K, and 
Cammann H.

•	 Research themes center on imaging-driven 
ML, particularly magnetic resonance im-
aging and system-level approaches, with 
methodological emphasis on convolutional 
neural networks, data systems, and transfer 
learning.

•	 The field has evolved from biomarker-fo-
cused studies to advanced deep learning 
applications, with future work focusing on 
accurate, generalizable models integrated 
into clinical workflows.
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the same meaning. Institutional names were 
harmonized by consolidating clear spelling 
variants and alternative English names for 
the same institution. 

In addition, we screened for metadata in-
consistencies (e.g., missing affiliations or in-
complete fields) and performed manual ver-
ification when necessary. Duplicate records 
were removed when identified.

Bibliographic records exported from 
WoSCC were analyzed using Microsoft Excel 
for descriptive statistics (e.g., annual publi-
cation counts, total citations, and averages). 
All bibliometric analyses were conducted 
using the same dataset exported on October 
8, 2024. Visualization and network analyses 
were conducted using VOSviewer (Centre for 
Science and Technology Studies, Leiden Uni-
versity, Leiden, the Netherlands); CiteSpace 
(Drexel University, Philadelphia, PA, USA); 
R version 4.3.3 (R Foundation for Statistical 
Computing, Vienna, Austria) with the biblio-
metrix package.

When applicable, a VOSviewer thesau-
rus file was used to merge equivalent terms 
and improve the interpretability of keyword 
maps. VOSviewer was used to construct 
and visualize co-authorship and collabora-
tion networks (countries, institutions, and 
authors), as well as keyword co-occurrence 
networks.12 The association strength normal-
ization method was used for network con-
struction, and clusters were detected using 
VOSviewer’s built-in clustering algorithm 
(based on modularity optimization). To im-
prove readability and reduce sparsity, mini-
mum-occurrence thresholds were applied; 
specifically, keywords were included in the 
co-occurrence analysis only if they appeared 
at least eight times. In VOSviewer maps, 
node size represents occurrence frequency 
(or publication output), link thickness rep-
resents total link strength, and colors indi-
cate clusters or overlay attributes (e.g., aver-
age publication year). 

CiteSpace was used for temporal analysis 
of research topics, including timeline and 
time-zone visualization and keyword burst 
detection.13 To highlight major knowledge 
structures and emergent terms, the follow-
ing settings were applied: time slicing: 1997–
2024 (1 year per slice); node type: keywords; 
selection criteria: top N per slice; and prun-
ing: Pathfinder (including pruning of merged 
networks). Burst strength and duration were 
reported to identify rapidly increasing key-
words.

The bibliometrix package was used to 
compute bibliometric indices, including the 
H-index, G-index, and M-index, based on 
citations within the retrieved dataset.14 The 
H-index is defined as the maximum value h 
such that an author or journal has at least h 
papers, each cited at least h times. The G-in-
dex is the largest value g such that the top 
g publications received at least g2 total cita-
tions. The M-index is calculated as the H-in-
dex divided by the number of years since the 
first publication in the dataset, providing a 
time-normalized measure of impact.15 

To describe the growth in annual publi-
cations, we fitted a simple regression mod-
el in Excel and R and reported the coeffi-
cient of determination (R²). This model was 
used descriptively to summarize the overall 
growth pattern; no hypothesis testing (e.g., 
formal trend tests) was performed. Journal 
influence metrics [e.g., 2023 Journal Impact 
Factor and Journal Citation Reports quartile 
(Q1–Q4)] were obtained from the 2023 edi-
tion of Journal Citation Reports.

Results

Overview of publications

A total of 1,045 English-language articles 
on ML in PCa diagnosis published between 
1997 and 2024 were analyzed (Figure 1). 
These studies involved 6,704 authors from 

4,762 institutions across 327 countries or 
regions, were published in 352 journals, 
and cited 29,554 sources. Each publication 
had an average of 8.73 co-authors, and 
30.81% involved international collaboration. 
The dataset included 2,052 keywords, and ar-
ticles received an average of 24.61 citations 
(Figure 2A). 

In the early years (1997–2012), research 
on ML in PCa diagnosis showed limited out-
put. By 2013, annual publications exceed-
ed 10, followed by a gradual increase from 
2013 to 2018. From 2018, research output 
increased rapidly, peaking at 224 articles in 
2023. A fitted curve (R²: 0.8427) highlights 
the accelerating growth in publications over 
the period (Figure 2B).

Distribution and collaborative networks of 
countries

The 1,045 publications originated from 
327 countries or regions. The top contrib-
uting countries or regions are summarized 
in Supplementary Table 1. China led in cor-
responding-author output with 290 articles 
(27.8%) and ranked second in total citations 
(4,762). The USA followed with 199 corre-
sponding-author articles (19.0%), the high-
est number of multi-country publications 
(65), and the highest total citations (8,207). 
Germany ranked third with 66 correspond-
ing-author articles (6.3%) and 1,838 citations 
(Figure 3A). 

Figure 1. Flow diagram of the bibliographic retrieval process. TS, topic search; CNN, convolutional neural 
network; LSTM, long short-term memory; RNN, recurrent neural network.
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Among the remaining top contributors, 
the Netherlands had the highest citations per 
publication (53.8), indicating a comparative-
ly higher citation impact per article. Among 
the 76 countries that contributed at least one 
article through international collaboration, 
the USA led with 357 partnerships, primari-
ly with Germany, Canada, China, and Japan. 
Germany ranked second with 183 collabora-
tions, mainly involving the United States, the 
United Kingdom, Austria, the Netherlands, 
and Switzerland. China ranked third with 
163 collaborations, primarily with the United 
States and Australia (Figure 3B).

Distribution and collaborative networks of 
institutions

A total of 4,762 institutions contributed to 
publications on ML in PCa diagnosis. Among 
the top 10 institutions, the Berlin Institute 
of Health in Germany led with 120 articles, 
followed by Stanford University (79 articles) 
and the University of California system (76 ar-
ticles), both in the United States (Figure 4A). 

In total, 151 institutions participated in 
international collaborations, each with at 
least five articles, forming distinct research 
clusters. Soochow University in China had 
the highest number of collaborations (54), 
forming a central dark-blue cluster. Shanghai 
Jiao Tong University in China was next with 
51 collaborations, forming a yellow cluster. 
The University of Toronto in Canada ranked 
third with 45 collaborations, represented by 
a light-blue cluster (Figure 4B).

Contributions and collaborative networks 
of journals and authors

The articles were published across 352 
journals, with the leading outlets and indica-
tors summarized in Supplementary Table 2. 
By publication volume (TP), Cancers ranked 
first (TP: 53), followed by Frontiers in Oncolo-
gy (TP: 35) and Scientific Reports (TP: 30). 

In terms of influence metrics, European 
Radiology had the highest H-index15 within 
this dataset, followed by Cancers (H-index: 
13) and Medical Image Analysis and Medical 
Physics (H-index: 12 each). Regarding Jour-
nal Citation Reports metrics, Medical Image 
Analysis and Cancer Research had the high-
est 2023 impact factors among high-impact 
journals, and most leading journals were 
ranked in Q1. 

The journal co-occurrence network, which 
measures joint citations in articles, identified 
three journals with the highest total link 

strength: European Radiology (185), Cancers 
(179), and Lancet Oncology (151) (Figure 5A). 
A journal coupling network, based on shared 
references, showed that Cancers (14,447), 
Frontiers in Oncology (10,387), and Europe-
an Radiology (8,302) had the strongest link 
strengths (Figure 5B). 

A total of 6,704 authors contributed to 
the dataset. Stephan C exhibited the highest 
H-index,12 G-index,15 M-index (0.522), and the 
most total publications,15 followed by Jung 
K and Cammann H (Supplementary Table 3). 
Among 138 authors involved in internation-
al collaborations (with at least four articles), 
Rusu Mirabela led with 75 collaborations, 
followed by Fan Richard E (72) and Shao Wei 
(68) (Figure 6).

Keyword co-occurrence network and burst 
keywords

A total of 133 keywords with at least eight 
occurrences were identified for co-occur-
rence network analysis (Figure 7A). In the 
visualization, purple indicates earlier occur-
rences and yellow shows more recent ones. 
Around 2016, frequently occurring keywords 
included “antigen,” “serum,” and “identifica-
tion” (purple). By 2018 (dark blue), terms such 
as “men,” “radical prostatectomy,” and “predic-
tion” had emerged. Between 2018 and 2020 
(dark green), “diagnosis” had the highest 
co-occurrence frequency (898), with “biopsy” 

and “classification” also prominent. Around 
2020, newer terms such as “risk,” “accuracy,” 
and “features” appeared. Since 2022 (yellow), 
the most frequent keywords have been “sys-
tem,” “MRI,” and “guidelines.”

Keyword burst analysis identified terms 
with sharp increases in frequency, reflecting 
trends in the field (Figure 7B). The timeline 
uses gray to indicate periods without major 
activity, blue for ongoing research, and red 
for periods of intense activity. These bursts 
can be divided into two stages. 

The first stage (1999–2005) showed pro-
longed bursts featuring keywords such as 
“antigen,” “artificial neural network,” “serum,” 
“digital rectal examination,” and “mass spec-
trometry.” The second stage (2013–present) 
was characterized by shorter bursts and 
rapid keyword turnover. Between 2013 and 
2018, terms such as “classification,” “comput-
er-aided diagnosis,” and “ISUP Consensus 
Conference” were prominent. By 2019, new 
keywords, including “features,” “convolution-
al neural network,” “benign,” and “data sys-
tem,” had gained prominence. 

Since 2022, “transfer learning” has 
emerged as a key term and remains highly 
relevant. Many of these keywords persist in 
the blue phase, indicating ongoing research 
activity.

Figure 2. Analysis of general information. (a) Summary of the quantitative analysis of publications. 
(b) Annual research output from 1997 to 2024.

a

b
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Discussion
This bibliometric study summarizes ML 

research on PCa diagnosis from 1997 to late 
2023. Publications increased rapidly from 
2018 and peaked in 2023, suggesting grow-
ing interest and faster progress in ML meth-
ods and data use. China, the United States, 
and Germany were the main contributors. 
The United States and Germany show strong 
long-term foundations in biomedical and im-
aging research, and China’s high output re-
flects continued investment in AI and health 
data science. The collaboration results also 
show that this field is increasingly driven by 
international partnerships and shared meth-
ods.

High-impact journals such as Europe-
an Radiology, Cancers, and Medical Image 
Analysis show that research in this field pri-
marily focuses on imaging, biomarkers, and 
AI-based diagnostic methods. The most cited 
study, “clinical-grade computational pathol-
ogy using weakly supervised deep learning 

on whole slide images,” highlights how deep 
learning can support digital pathology us-
ing slide-level labels without manual anno-
tation.16 Other influential works, such as the 
2002 Cancer Research article on serum pro-
tein fingerprinting17 and the 2019 review in 
Nature Reviews Clinical Oncology on AI for 
digital pathology,18 further emphasize the 
central role of biomarker and imaging-based 
ML research in this domain. 

In addition, our author-level productivity 
results indicate a highly skewed contribution 
pattern consistent with Lotka-type behavior, 
in which a relatively small group of authors 
accounts for a disproportionately large share 
of publications.19 Within this concentrated 
expertise structure, key opinion leaders (e.g., 
Madabhushi and Yang) emerge as high-out-
put, high-impact contributors, suggesting 
that mentorship and collaboration networks 
centered around leading groups may play an 
important role in shaping research directions 
and accelerating methodological diffusion 
across institutions.

Research hotspots and technological fron-
tiers

Our keyword and burst analyses reveal a 
dynamic and evolving research landscape 
in ML-based PCa diagnosis, with thematic 
changes that track both clinical priorities and 
methodological breakthroughs. In the early 
years (1999–2005), research concentrated on 
traditional biomarker-oriented terms such 
as “antigen,” “serum,” and “identification”,20 
reflecting the serum-based diagnostic strat-
egies prevalent at the time. As the field ma-
tured, keywords such as “radical prostatecto-
my” and “prediction” emerged,21 suggesting 
a shift toward clinically grounded modeling, 
including prognosis- and decision-relevant 
prediction tasks.

Between 2018 and 2020, the surge of 
“biopsy” and “classification” highlights an in-
creased interest in ML methods that support 
core diagnostic decision points, particularly 
tissue confirmation and risk stratification.22 
During this period, frequent terms such as 
“accuracy” and “features” also indicate sus-

Figure 3. Analysis of countries. (a) Distribution of corresponding-author publications by country. (b) Visualization map depicting collaboration among countries. 

a

b
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tained efforts to improve feature representa-
tion, model design, and performance evalu-
ation practices.23

Why “MRI” has become dominant?

Since 2022, the increasing prominence of 
“MRI” aligns with the central role of mpMRI in 
contemporary PCa diagnostic pathways and 
with the suitability of MRI data for modern 
deep learning pipelines.24 Multiparametric 
MRI provides rich spatial and functional in-
formation that supports tasks such as gland 
and lesion segmentation, lesion detection, 
and classification—areas in which convolu-

tional neural network (CNN)-based methods 
have been particularly influential. The promi-
nence of “MRI” in keyword analysis, therefore, 
likely reflects both its clinical importance in 
PCa workups and the scalability of imaging 
datasets for model development and bench-
marking.

Contextualizing the “CNN” and “transfer 
learning” bursts with current technological 
developments

Burst analysis suggests a transition from 
earlier artificial neural networks and consen-
sus-related terms (e.g., “ISUP Consensus Con-

ference”)25 to a newer phase dominated by 
CNNs, data systems, and transfer learning.26 
This pattern is consistent with the broader 
deep-learning expansion following major 
CNN breakthroughs in computer vision, 
which subsequently catalyzed rapid uptake 
in medical imaging and computational pa-
thology. In PCa diagnosis, CNN-based rep-
resentation learning reduced reliance on 
manual feature engineering and enabled 
end-to-end learning on imaging and whole-
slide data.26

The sustained “transfer learning” burst be-
tween 2022 and 202427 can be interpreted as 

Figure 4. Analysis of institutions. (a) Top 10 institutions ranked by article count. (b) Visualization map depicting collaboration among institutions. 

a

b
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a response to persistent challenges in clini-
cal AI, including limited annotated datasets, 
domain shifts across scanners and sites, and 
the need for robust generalization. Trans-
fer learning enables the reuse of pretrained 
representations and adaptation to prostate 
imaging or pathology tasks with fewer la-
beled examples, supporting faster iteration 
and potentially improved external validity.27 
In the broader “foundation-model/GPT-era” 
context, the same underlying principle of le-
veraging large-scale pretraining to improve 
downstream performance has become in-
creasingly central to modern AI develop-

ment. Although the models and modalities 
differ across domains, this general trend 
helps explain why transfer learning remains 
a prominent and sustained hotspot in recent 
PCa diagnostic ML research.27

Although this analysis focuses on diagno-
sis, the observed keyword and thematic evo-
lution can be interpreted as spanning three 
practical clusters that commonly co-develop 
in PCa ML research. First, diagnostic model-
ing and ML methods, including clinically rel-
evant prediction problems tied to patient risk 
and outcomes (e.g., prediction-oriented key-
words).21 Second, imaging-driven ML (mpM-

RI-centric workflows), including detection, 
segmentation, and classification reflected by 
“MRI,” “biopsy,” and “classification”.22,24 Third, 
downstream clinical applications connected 
to treatment workflows, which tend to share 
enabling components such as segmentation, 
risk modeling, and data systems, and there-
fore appear adjacent to diagnosis-focused 
research streams in bibliometric structures.26 
This interpretation is consistent with the ob-
served movement from algorithm keywords 
toward “system,” suggesting increasing em-
phasis on end-to-end clinical utility rather 
than isolated model development.24,26

International collaboration and policy and 
infrastructure context

At the country level, China, the United 
States, and Germany dominate productivity 
and/or citation impact, and the collabora-
tion network shows dense cross-national 
linkages. From an implementation perspec-
tive, these patterns likely reflect differences 
in long-term infrastructure (e.g., imaging 
and pathology digitization capacity, clinical 
research networks, and data engineering 
support) and the ability to sustain multidisci-
plinary teams combining urology, radiology, 
pathology, and AI. The emergence of highly 
connected collaboration hubs around estab-
lished research systems is consistent with the 
need for large, well-curated datasets and rig-
orous validation to support clinically credible 
ML models.28,29

Importantly, collaboration results should 
not be interpreted solely as indicators of cur-
rent research capacity. International co-au-
thorship may also reflect historical funding 
structures, shared clinical trial networks, and 
established data ecosystems. In this context, 
the concentration of output in certain coun-
tries may reflect accumulated advantages in 
infrastructure and organization that facilitate 
multicenter studies and reproducibility—
factors that are particularly important given 
ongoing challenges related to heterogeneity, 
interoperability, and clinical translation.28,29

Clinical implications

Bibliometric trends suggest that ML-based 
PCa diagnosis is moving from proof-of-con-
cept algorithms toward systems designed to 
support real-world clinical decision-making. 
However, clinical impact depends on more 
than performance metrics. Models must be 
deployable within real workflows (radiology 
interpretation, biopsy decision-making, pa-
thology review), interoperable with hospi-
tal information systems, and supported by 

Figure 5. Analysis of journals. (a) Co-occurrence network of journals. (b) Coupling network of journals.

a

b
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user training and clear accountability struc-
tures.28,30 

Although diagnostic accuracy and related 
metrics have improved over time,29 further 
prospective and multicenter validation is 
needed to establish robustness across sites 
and populations. The increasing prominence 
of “system” in keyword trends reflects grow-
ing interest in integrated solutions but also 
highlights the complexity of implementa-
tion. Effective clinical integration requires 
attention to dataset shift, failure modes, and 
human–AI interaction, rather than focusing 
solely on retrospective performance.28,29

Regulatory, ethical, and clinical integration 
challenges

Despite rapid progress, regulatory and 
ethical considerations remain major barri-
ers to clinical translation.31 The adoption of 
ML in clinical workflows is constrained by 
requirements related to data privacy, patient 
safety, transparency, and governance. Ethi-
cal concerns, including algorithmic bias, ex-
plainability, reliability, and informed consent, 
must be proactively addressed to maintain 
trust and reduce disparities in performance 
across patient populations.31 

The findings also suggest a gap between 
algorithm development and real-world im-
plementation. The “black box” nature of deep 

learning and limited interpretability can hin-
der clinician acceptance and complicate er-
ror analysis and accountability.28 As a result, 
explainable AI is receiving increasing atten-
tion. Interpretability methods can support 
clinical decision-making, facilitate auditing 
and bias assessment, and improve alignment 
with regulatory expectations for safety and 
transparency.

Technical performance and clinical valida-
tion

The literature indicates steady improve-
ments in diagnostic accuracy, sensitivity, 
and specificity, particularly in imaging and 
pathology applications.29 However, bench-
marking and reporting remain inconsistent 
across studies, and large-scale prospective 
validation remains comparatively limited. 
This is a critical limitation given known chal-
lenges in data heterogeneity and domain 
shift.28,29 

Multimodal ML that integrates imaging, 
pathology, genomics, and electronic health 
records offers potential for improved diag-
nostic precision but introduces additional 
challenges related to harmonization, miss-
ingness, and governance.31 Approaches such 
as federated learning can support collabo-
ration without centralizing sensitive patient 
data, and generative adversarial network–

based augmentation may help address lim-
ited sample sizes. However, both approaches 
require careful validation to avoid amplifying 
bias or creating unrealistic signals.32,33

Future directions and recommendations

Based on the observed trends and on-
going barriers to clinical translation, future 
research should prioritize robust evaluation 
in clinically challenging settings, including 
higher-risk and heterogeneous patient sub-
groups, as limited generalizability across 
populations and institutions remains a key 
obstacle to real-world impact.28,29 

The field should also progress from pre-
dominantly single-modality approaches to-
ward multimodal integration where feasible, 
combining MRI with pathology and routinely 
collected clinical variables to improve diag-
nostic confidence and reduce failure modes 
associated with reliance on a single informa-
tion source. Achieving this will require stan-
dardized data curation, harmonization, and 
quality-control pipelines.31 

The increasing prominence of “system” 
alongside “MRI” in the keyword trends sug-
gests that the next phase of impact will 
come from workflow-aware decision support 
tools designed for specific insertion points, 
such as MRI interpretation assistance and 
biopsy-related decision steps. These tools 

Figure 6. Visualization map depicting collaboration among authors.
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should be evaluated for usability, reliabili-
ty, and failure modes under realistic clinical 
conditions rather than only in retrospective 
experiments.24,28,29 

In addition, interpretability and gover-
nance should be treated as core design re-
quirements. Explainable AI methods and 
auditing processes should be incorporated 
early to support transparency, bias assess-
ment, safety monitoring, and trust, thereby 
aligning development with clinical and reg-
ulatory expectations.31,32 

Finally, more consistent validation and 
reporting standards are needed, including 
clear dataset descriptions, external valida-
tion, clinically meaningful performance met-
rics, and transparent reporting of limitations 
and negative findings. These practices will 
improve reproducibility and reduce overesti-
mation of model performance.29,32 Collective-
ly, these directions support a transition from 
rapid research growth toward more reliable, 
generalizable, and clinically integrated ML 
systems for PCa diagnosis.28,29,,31,32 

This study provides a detailed, data-driv-
en overview of global research trends, 
technological developments, and emerg-
ing hotspots in ML-based PCa diagnosis. 
By incorporating co-occurrence and burst 
keyword analyses, it offers a nuanced under-
standing of the field’s evolution and future 
directions. 

However, several limitations should be 
noted. The use of a simplified regression 
model may not fully reflect the exponential 
growth in publications from 2018 onward. 
Restricting the analysis to English-language 
articles indexed in WoSCC may introduce lan-
guage and database biases, potentially ex-
cluding relevant studies from other sources. 
In addition, the rapid pace of AI innovation 
may result in literature lag, whereby the lat-
est advancements are underrepresented in 
bibliometric analyses. 

Although alternative databases, such as 
Scopus and PubMed/MEDLINE, were consid-
ered, the analysis was limited to the WoSCC 
to ensure consistency in citation indexing 
and network analysis. This restriction should 
be considered a coverage-related limitation.

This bibliometric analysis highlights the 
evolution of ML applications in PCa diag-
nosis, showing a transition from early bio-
marker research to advanced deep learning 
techniques, particularly in medical imaging. 
Research output has increased substantially, 
with major contributions from the United 
States, China, and Germany. Recent trends 
emphasize CNNs and transfer learning. 

Although diagnostic capabilities have im-
proved, challenges remain in clinical trans-
lation, including data heterogeneity, ethical 
and regulatory considerations, and the need 
for rigorous clinical validation. Advancing 
multimodal integration, explainable AI, and 
standardized evaluation frameworks will be 
essential to fully realize the potential of ML 
for early detection and effective manage-
ment of PCa.
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