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ARTICLE INFO ABSTRACT
Keywords: Background: Rectal cancer (RC) is one of the most common types of cancer worldwide. With the
Bibliometry development of artificial intelligence (AI), the application of Al in preoperative evaluation and

Rectal cancer

Artificial intelligence
Magnetic resonance imaging
machine learning

follow-up treatment of RC based on magnetic resonance imaging (MRI) has been the focus of
research in this field. This review was conducted to develop comprehensive insight into the
current research progress, hotspots, and future trends in AI based on MRI in RC, which remains to
be studied.

Methods: Literature related to Al based on MRI and RC, as of November 2023, was obtained from
the Web of Science Core Collection database. Visualization and bibliometric analyses of publi-
cation quantity and content were conducted to explore temporal trends, spatial distribution,
collaborative networks, influential articles, keyword co-occurrence, and research directions.
Results: A total of 177 papers (152 original articles and 25 reviews) were identified from 24
countries/regions, 351 institutions, and 81 journals. Since 2019, the number of studies on this
topic has rapidly increased. China and the United States have contributed the highest number of
publications and institutions, cultivating the most intimate collaborative relationship. The highest
number of articles derive from Sun Yat-sen University, while Frontiers in Oncology has published
the highest number of relevant articles. Research on MRI-based Al in this field has mainly focused
on preoperative diagnosis and prediction of treatment efficacy and prognosis.

Conclusions: This study provides an objective and comprehensive overview of the publications on
MRI-based Al in RC and identifies the present research landscape, hotspots, and prospective
trends in this field, which can provide valuable guidance for scholars worldwide.

1. Introduction

Colorectal cancer (CRC), one of the most common types of cancer worldwide, ranks as the third most prevalent and second most
common cause of mortality among all cancers worldwide. Recent data have indicated that the incidence of new CRC cases is projected
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Fig. 1. Flow chart of document screening.

to escalate to 2.5 million by 2035, posing a significant threat to human life and well-being [1,2]. Notably, rectal cancer (RC) accounts
for approximately one-third of all CRC cases and its incidence is increasing [3,4]. Given the rising prevalence of RC, timely screening
and diagnosis are significant.

Imaging of RC plays a pivotal role in diagnosis and the development of therapeutic strategies. Endoscopic rectal ultrasound may
help formulate treatment strategies for early-stage tumors; however, its utility diminishes in cases of locally advanced RC (LARC). A
computed tomography scan proves beneficial in detecting metastases but falls short in accurately assessing local tumors due to its
restricted soft tissue resolution. The improved soft tissue contrast, non-radioactive nature, and non-invasive evaluation of magnetic
resonance imaging (MRI), compared with endoscopic rectal ultrasound and computed tomography scans, show unique advantages,
and MRI has been recommended as the preferred choice to manage RC [5,6]. Moreover, an MRI scan can provide detailed information
about the tumor, lymph nodes, extramural vascular invasion, mucin content, and involvement of the mesorectal fascia. This infor-
mation is essential for RC assessment, development of effective treatment plans, and assessment of the response to therapy, during both
primary staging and subsequent evaluation following chemoradiotherapy [7]. Unfortunately, the precision of conventional MRI for
assessing the morphological features of RC remains insufficient to accurately guide therapeutic strategies, necessitating further
refinement. For example, MRI is recommended for assessing the extramural venous invasion (EMVI) status; however, the sensitivity of
traditional MRI in evaluating EMVI remains suboptimal [8]. Besides, it remains a challenge for conventional MRI to distinguish
minimal residual tumors with fibrotic scars induced

by neoadjuvant chemoradiotherapy (nCRT) and predict treatment effectiveness [9]. Hence, devising a novel and efficacious
image-mining approach to attain a precise diagnosis and treatment stands as a formidable challenge in RC.

Recently, artificial intelligence (AI) has achieved notable success in the field of medical image analysis, demonstrating its capability
to quantitatively assess radiological features and autonomously identify complex patterns in imaging data [10]. Machine learning, a
pivotal branch of Al that includes radiomics and deep learning, has been applied extensively in RC, offering novel opportunities and
methodologies to address the challenges associated with diagnosis and treatment. The advancement and use of Al in the field of RC is
currently being extensively researched [11,12]; therefore, more attention should be focused on the current research status, hotspots,
and frontier trends in this field.

Bibliometric analysis has evolved into a widely employed quantitative method to assess the quality and impact of academic
research outcomes in many fields. By analyzing bibliometric data and information, researchers can quantitatively and qualitatively
understand the current research status and trends in an academic field and predict future research directions and development trends
[13,14]. Currently, bibliometric analysis is widely employed to explore the developmental trajectories of various fields and disciplines,
with significant strides also being made in the realm of Al [15,16]. However, no specific bibliometric studies have been undertaken in
the field of MRI-based Al applications for individuals with RC. The purpose of this study was to create a knowledge map of MRI-based
Al in RC research by collecting and analyzing relevant publications related to MRI-based Al in the field of RC from relevant databases,
and thus systematically demonstrate the present research status and predict the future research directions.

2. Materials and methods
2.1. Data source and search strategy

Literature related to the application of Al in RC based on MRI was searched for in the Web of Science Core Collection (WoSCC)
database, which is a comprehensive, multidisciplinary database containing leading high-impact journals and publications in various
research fields [17,18]. The following keywords were used in the search: “rectal cancer,” “artificial intelligence” and “magnetic
resonance imaging.” A detailed search query is provided in the supplementary appendix online. The types of publication were con-
strained to “article” and “review,” with language limitations set exclusively to English. To avoid potential bias stemming from database
updates, all data downloads and literature searches were finalized on November 30, 2023. Two investigators independently screened
pertinent articles in the WOSCC database and downloaded the plain-text file format (full records and cited references). In case of
divergence, help from a third researcher was required to reach a consensus. The detailed literature screening process is shown in Fig. 1.
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Fig. 2. Overview of publications.
A. Quality evaluation of publications. B. Main information of publications. C. Time trend distribution of publications.

2.2. Data analysis and visualization

After rigorous screening, all available data were imported into Microsoft Excel 2021, CiteSpace (version 6.2.R6), online biblio-
metric analysis platform (http://bibliometric.com/), VOSviewer (1.6.20), SCImago Graphica (1.0.37), and R (4.3.2) for performing
bibliometric and visual analysis [19-21]. Data, including country or region, authors, keywords, institutions, citations, references, and
journals, were analyzed separately. In addition, the strongest citation bursts, based on keywords and references, were analyzed using
CiteSpace to illustrate the developing trend in research hotspots over time. Two researchers independently completed and checked the
data analysis to ensure the accuracy and reproducibility of the data.

3. Results
3.1. Annual publications and trends

A total of 177 papers were identified, including 152 original articles and 25 reviews. All articles were published in English between
2016 and 2023. The overall quality of the studies was good (Fig. 2A). The papers originated from 81 journals, had 1233 authors, and
cited 5074 references. Documents related to international cooperation accounted for approximately 19.77 % of the publications.
Fig. 2B presents the characteristics of the included studies. Fig. 2C shows that the number of articles related to Al in RC increased
gradually each year. After 2020, a further increase in the number of publications was observed. The number of papers published by
2023 is expected to exceed 60. These findings suggest that the study of AI applications based on MRI in RC has attracted increasing
interest and is poised to remain a focal point for future research.


http://bibliometric.com/

T. Ma et al. Heliyon 10 (2024) e38927

Publication

120
: o

cluster

1
e 2
3

o ’

o :

g . £
7
,,,,,,, o
® 10
1
® 12

2016
08
2020
222

Year

L y———— o8

Soy, N\ \
kon, N\
CORg
GEW‘M\
AUSTRALIA

CANADA

A

A

LY
! %,
9 )
]
H %

%

2 o

Fig. 3. Publications and collaborations of countries/regions related to artificial intelligence (AI) in rectal cancer (RC) magnetic resonance imaging
(MRI) research.

A. Map of country/region collaborations. B. Countries’/regions’ production changes with time. C. International cooperation between countries/
regions and publications.

Table 1
Top 10 most productive institutions.
Rank Institution Documents Country
1 Sun Yat Sen University 17 China
2 Chinese Academy of Sciences 12 China
3 Beihang University 10 China
4 Maastricht University 9 Netherlands
5 Qingdao University 9 China
6 University of Chinese Academy of Sciences 9 China
7 Shanxi Medical University 8 China
8 GE HealthCare 7 United States
9 Netherlands Cancer Institute 7 Netherlands
10 Sapienza University of Rome 7 Italy

3.2. Countries/regions cooperation analysis

Publications in the field of Al based on MRI in RC were published from 24 countries or regions, with the most publications from
China (n = 109), trailed by the United States (n = 29), and Italy (n = 25); the cumulative citations for the three countries were 2288,
1057, and 497, respectively. A map of cooperation distribution is shown in Fig. 3A. Fig. 3B depicts the cumulative number of times the
top five countries appeared in publications over time and indicates that China has remained in first place. International cooperation
among countries/regions is shown in Fig. 3C. China has fostered the most extensive collaborations with various nations, notably the
United States, Italy, and the Netherlands.
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Table 2
Top 15 authors by publications.
Rank Author Documents Country
1 BeetsTan, Regina G. H. 8 Netherlands
2 Zhenyu Liu 7 China
3 Jie Tian 7 China
4 Yanfen Cui 6 China
5 Yingshi Sun 6 China
6 Xiaotang Yang 6 China
7 Xiaoyan Zhang 6 China
8 Lambregts, Doenja M. J. 5 Netherlands
9 Xiaoting Li 5 China
10 Yun Lu 5 China
11 XiaoChun Meng 5 China
12 Fu Shen 5 China
13 Yanjie Shi 5 China
14 Peiyi Xie 5 China
15 Haitao Zhu 5 China

3.3. Statistical analysis of institutions

A total of 351 institutions have published on Al research in RC. The most productive institution was Sun Yat-sen University, fol-
lowed by the Chinese Academy of Sciences, Beihang University, Maastricht University, and Qingdao University. The top 10 institutions
with the highest number of publications are listed in Table 1. Many research institutions have embarked on wide-ranging and in-depth
collaborations in this field. The collaboration map and interconnections among these institutions are displayed in Fig. 4A. Fig. 4B
presents a three-field plot illustrating the relationship between high-output countries, institutions, and high-frequency keywords.
These findings indicate that institutional collaboration within each country is more prevalent than cooperation among institutions
across different countries.

3.4. Bibliometric analysis of authors

A total of 1300 authors and 3891 co-cited authors contributed to the relevant research. The 15 most productive authors are listed in
Table 2. The most published articles were by the Netherlands scholars Beets-Tan and Regina, while the most cited authors were
Chinese scholars Zhenyu Liu and Jie Tian; this suggests that these authors have significant influence in the field. The information
pertaining to authors who contributed to more than three articles was imported into VOSviewer to generate a co-authorship visual-
ization graph (Fig. 5A). As seen from the figure, compared to the close connections displayed in the network of countries and in-
stitutions, the network of authors is relatively dispersed, with only a select few scholars appearing to maintain close collaborative
relationships. Co-citation analysis among the authors identified Natally Horvat, Vincenza Granata, and Zhenyu Liu as the three most
cited authors (Fig. 5B).

3.5. Analysis of journals

A collective of 81 journals disseminated articles in this field, and the top 10 most productive journals, with their impact factors and
citations, are listed in Table 3. The top three journals were Frontiers in Oncology (16, Switzerland), Abdominal Radiology (14, United
States), and European Radiology (9, United States). The co-citation and bibliographic couplings between journals were also analyzed
and visualized (Fig. 6). The top three most-cited journals were European Radiology (400 citations), Radiology (383 citations), and La
Radiologia Medica (266 citations).

3.6. Analysis of articles and references

Paper citation frequency is a pivotal metric for assessing the caliber of research outcomes; an increased citation frequency implies a
more pronounced impact of a publication within a specific field. From the relevant articles, the top 10 were identified based on their
citation frequencies, including 9 original articles and 1 review(Table 4).Liu et al. [22] conducted an extensive study in 2019, reviewing
the applications of radiomics in the precision diagnosis and treatment of oncology, and this article stands out as the most frequently
cited (total citations = 415). The second- and third-most cited articles were by Liu et al. [23], with 347 citations, and Nie et al. [24],
with 248 citations. These two original articles included 222 and 48 patients, respectively, and both focused on MRI-based Al in
predicting treatment response after nCRT in patients with LARC. The 177 relevant articles cited 5065 references, and the 10 publi-
cations most often cited by others in the list of relevant articles are presented in Table 5. The most extensively cited article was by Liu
et al. [23], with 50 citations. These authors scrutinized the pathological complete response (pCR) to nCRT in LARC via radiomics
analysis. Fig. 7 illustrates the co-citation analysis of the publications. The focus of the publications formed three primary clusters; the
prevalence, diagnosis, and treatment of RC, the specific applications of Al in RC; and MRI in RC.
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Fig. 5. Visualization analysis graph of authors.

Co-authorship (A) and co-citation (B) analyses among authors.

3.7. Analysis of keywords

A total of 586 keywords were extracted from the 177 publications, including author keywords and KeyWords Plus. KeyWords Plus
are index words automatically generated according to the article title. Fig. 8A shows the word clouds of the most frequently used
KeyWords Plus. Keywords such as rectal cancer, radiomics, and magnetic resonance imaging appeared the most frequently. A keyword
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Table 3

Top 10 productive journals.
Rank Source Documents Citations 2022 IF
1 Frontiers in Oncology 16 156 4.7
2 Abdominal Radiology 14 179 2.4
3 European Radiology 9 147 5.9
4 Diagnostics 8 72 3.6
5 Cancers 6 89 5.2
6 Journal of Magnetic Resonance Imaging 5 58 4.4
7 Medical Physics 5 105 3.8
8 Radiotherapy and Oncology 5 52 5.7
9 Bmc Cancer 4 37 3.8
10 Radiologia Medica 4 173 8.9

co-occurrence network and visual density maps were built using VOSviewer (Fig. 8B and C). Several other high-frequency keywords,
including neoadjuvant chemoradiotherapy, prediction, and pathological complete response, were also closely linked to research on
RC. If certain keywords are concentrated within a specific period, they are referred to as burst words. Burst words indicate distinct
phases of advancement in a particular field. Fig. 8D illustrates the top 10 keywords exhibiting the most notable bursts in citations. The
findings suggested that the scholarly works in this investigation were most prevalent during the period spanning from 2016 to 2021,
with the keyword chemoradiotherapy exhibiting the highest burst intensity. Furthermore, it is worth noting that some early emergent
keywords have faded since 2020.

4. Discussion

In this study, a bibliometric analysis was conducted to explore the characteristics of publications, encompassing metrics such as
number, geographic distribution, institutions, journals, references, authors, and keywords, to objectively uncover the current research
landscape, future research trends, and hotspots of research on MRI-based Al in RC. A total of 177 publications focusing on MRI-based
Al in RC were collected from the WoSCC database and analyzed. China and the United States have made the greatest academic
contributions to this field, as reflected in the number of publications, researchers, institutions, and the closest cooperation between the
two countries. However, most studies conducted in China exhibited restricted impacts, suggesting the necessity for further
enhancement in both topic selection and research implementation. In terms of journals, Frontiers in Oncology published the most ar-
ticles in this field, and most of the productive journals had high Journal Citation Report scores, indicating that the quality of published
articles in this field is generally recognized.

Currently, radiomics and deep learning are the primary methods of Al. Radiomics endeavors to create models for enhancing the
precision of diagnosis, prognosis, and prediction by extracting and analyzing both first-order and high-order image features from
medical images. Radiomics boasts certain advantages, including well-explained features and superior performance in small datasets.
However, due to the limited number of model parameters, it may not be as effective as neural networks in large datasets [40]. Deep
learning commonly denotes neural networks characterized by a significant number of hidden layers. A convolutional neural network is
the most utilized in medical imaging and contributes significantly to medical image research for tasks such as distinguishing types of
tumors, segmenting tumors, detecting lesions, and enhancing imaging speed [41,42]. The application of AI in RC has emerged as a
current hotspot.

Hotspots denote specific scientific themes within a particular research field within a certain period and constitute a pivotal method
in bibliometric analysis. The analysis of keywords and highly cited papers can highlight the direction of research hotspots and reflect
research frontiers and trends. This analysis indicated that researchers are most interested in the clinical applications of MRI-based Al,
including diagnosis, treatment efficacy, and prognosis in RC. The most-cited article was published by Liu et al. [22] in Theranostics.
This study reviewed the latest methodological developments in radiomics, as well as the primary applications and challenges of
radiomics in the realms of diagnosis, treatment planning, and evaluation within the expansive field of oncology. Recently, LARC and
nCRT have become popular research topics. Currently, nCRT followed by total mesorectal excision is the recommended standard
treatment for LARC [5]. However, owing to the complexity and heterogeneity of LARC, the response to nCRT exhibits significant
variability, ranging from no tumor regression to pCR. Importantly, a watch-and-wait strategy can be suggested for patients who
achieve pCR to avoid surgical complications while realizing satisfactory long-term survival outcomes [43]. Thus, there is a growing
need for preoperative evaluation of predictors for pCR to determine individuals eligible for the organ-preserving approach. In the
current analysis, 7 of the 10 most-cited articles developed MRI-based radiomics models showing high accuracy and reliability in
predicting pCR in patients with LARC after nCRT. For example, Liu et al. [23] devised a radiomics model utilizing T2-weighted images
(T2WI) and diffusion-weighted images in a cohort of 222 patients with LARC and achieved excellent performance in predicting pCR,
with the area under the receiver operating characteristic curve (AUC) reaching 0.9756 in the validation cohort. Zhou et al. [30]
developed a multiparametric, MRI-based radiomics model employing 16 features to forecast non-response to nCRT in 425 patients
with LARC and showed excellent predictive performance (AUC = 0.822). Zhang et al. [44] proposed the first deep-learning model
based on T2WI and diffusion kurtosis images in 383 patients with LARC to predict pCR. The results showed that the AUC of the training
set was 0.99, which was significantly higher than the AUC values of the two imaging physicians (0.66 and 0.72) (P < 0.001).
Furthermore, several investigations have used T2WI of the mesorectal fat and established radiomics models to predict pCR after nCRT
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Table 4
Top 10 most cited publications.

Rank Title First Author  Journals Year  Citations

1 The applications of radiomics in precision diagnosis and treatment of oncology: Zhenyu Liu Theranostics 2019 415
opportunities and challenges [22]

2 Radiomics analysis for evaluation of pathological complete response to neoadjuvant Zhenyu Liu Clinical Cancer 2017 347
chemoradiotherapy in locally advanced rectal cancer [23] Research

3 Rectal Cancer: Assessment of neoadjuvant chemoradiation outcome based on radiomics ~ Nie, K Clinical Cancer 2016 278
of multiparametric MRI [24] Research

4 Deep learning for fully-automated localization and segmentation of rectal cancer on Trebeschi, S Scientific reports 2017 171
multiparametric MR [25]

5 Fractal-based radiomic approach to predict complete pathological response after chemo-  Cusumano, Radiologia Medica 2018 76
radiotherapy in rectal cancer [26] D

6 Machine learning for prediction of chemoradiation therapy response in rectal cancer Liming Shi Magnetic Resonance 2019 66
using pre-treatment and mid-radiation multi-parametric MRI [27] Imaging

7 A field strength independent MR radiomics model to predict pathological complete Cusumano, Radiologia Medica 2021 65
response in locally advanced rectal cancer [28] D

8 Technical Note:A deep learning-based autosegmentation of rectal tumors in MR images  Jiazhou Medical Physics 2018 65
[29] Wang

9 Radiomics-based pretherapeutic prediction of non-response to neoadjuvant therapy in Xuezhi Zhou  Annals of Surgical 2019 63
locally advanced rectal cancer [30] Oncology

10 Development and validation of a radiopathomics model to predict pathological complete  Lili Feng Lancet Digit Health 2022 57

response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer: a
multicentre observational study [31]

Table 5
Top 10 frequently co-cited references.

Rank  Title First Author Journals Year  Citations

1 Radiomics analysis for evaluation of pathological complete response to neoadjuvant Zhenyu Liu Clinical Cancer 2017 50
chemoradiotherapy in locally advanced rectal cancer [23] Research

2 Rectal Cancer: Assessment of neoadjuvant chemoradiation outcome based on Nie, K Clinical Cancer 2016 42
radiomics of multiparametric MRI [24] Research

3 MR imaging of rectal cancer: Radiomics analysis to assess treatment response after Horvat N Radiology 2018 41
neoadjuvant therapy [32]

4 Radiomics:Images are more than pictures, they are data [33] Gillies RJ Radiology 2016 40

5 Radiomics analysis of multiparametric MRI for prediction of pathological complete Yanfen Cui European Radiology 2019 38
response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer [34]

6 Long-term outcome in patients with a pathological complete response after Maas M Lancet Oncology 2010 36
chemoradiation for rectal cancer: a pooled analysis of individual patient data [35]

7 Radiomics: the bridge between medical imaging and personalized medicine [36] Lambin P Nature Reviews 2017 33

Clinical Oncology
8 Computational radiomics system to decode the radiographic phenotype [37] van Cancer Research 2017 33
Griethuysen

9 Development and validation of a radiomics nomogram for preoperative prediction of ~ Yangi Huang Journal of Clinical 2016 32
lymph node metastasis in colorectal cancer [38] Oncology

10 Magnetic resonance imaging for clinical management of rectal cancer: Updated Beets Tan European Radiology 2018 31

recommendations from the 2016 European Society of Gastrointestinal and Abdominal
Radiology (ESGAR) consensus meeting [39]

in LARC, achieving good predictive efficacy [45]. Combining radiomics and pathomics to amplify the effectiveness of AI models for
predicting pCR in RC has garnered significant attention as a research hotspot in recent years. Feng et al. [31] established and validated
a radiopathomics integrated model using machine learning based on pretreatment MRI and biopsy whole-slide images to predict pCR
after nCRT, which showed high accuracy and robustness. These results indicate that the research field of MRI-based AI in RC appears
highly cohesive and focuses on the assessment of treatment efficacy, which could potentially be implemented in clinical practice to
personalize perioperative management for patients with RC. Further exploration and validation are required in future studies to
achieve wide applicability of the model.

In addition to assessing treatment efficacy, preoperative diagnosis and prognosis prediction of RC using medical imaging remain
major research priorities. Preoperative diagnosis, including preoperative T stage and lymph node involvement in RC, is pivotal for
clinical treatment decisions, prognostic predictions, and assessment of treatment responses. However, the diagnostic accuracy of MRI
and the experience of radiologists are unsatisfactory. Thus, Al has been applied in the use of MRI to T staging and identifying lymph
node metastasis in RC. Wu et al. [46] established an automatic diagnostic platform for T staging of RC through the study of MRI of 183
patients via a faster region-based convolutional neural network, suggesting that this model might be an effective and objective method
for predicting RC T-staging. A recent investigation by Hou et al. [47] revealed that a deep learning-based three-dimensional
super-resolution MRI radiomics model had superior performance in predicting preoperative T staging in RC, compared with
high-resolution T2WI-based Al models and visual assessment by radiologists. Li et al. applied deep transfer learning based on MRI to

10
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Fig. 7. Co-citation analysis of references.
Colors represent the clustering of references. Articles in the blue cluster predominantly focus on the prevalence, diagnosis, and treatment of RC; the
red and green clusters focus on the specific applications of Al and MRI in RC.

identify the lymph node status in patients with RC to improve N staging accuracy, which reflected a notably better performance than
that of radiologists [48]. Kasai et al. [49] developed a practical prediction model for lateral lymph node metastasis in RC using machine
learning by integrating preoperative information of 267 patients, which helped make reasonable medical decisions for lateral lymph
node dissection. In terms of prognosis, MRI-based Al has gathered increasing attention from researchers because of its remarkable
predictive prognostic ability. Tibermacine et al. [50] conducted a multicenter study to evaluate and compare the ability of various
radiomics models to predict disease-free survival in 98 patients with LARC, and all showed good performance, with AUC values
ranging from 0.77 to 0.89. Another retrospective study identified an outstanding performance in predicting disease-free survival in
patients with LARC by constructing a multiparametric MRI-based radiomics model [51]. In addition, Liu et al. [52] conducted a
retrospective multicenter study to construct a deep-learning radiomics signature based on MRI for predicting distant metastasis in 235
patients with LARC receiving nCRT, with an AUC of 0.894. Consequently, the deep-learning radiomics signature can help evaluate the
risk of distant metastasis in patients with different responses to nCRT. These studies demonstrate that MRI-based Al can help clinicians
predict patient diagnosis and prognosis information and provide more accurate medical decisions for patients.

MRI-based Al research on RC remains challenging. First, the necessity for superior-quality images in Al research is undeniable,
while the inherent tubular structure and peristaltic motion of the rectum present formidable challenges for rectal MRI. Therefore, the
amalgamation of AI and RC imaging has emerged as a crucial avenue for expediting imaging processes and enhancing image quality.
Second, owing to the complex anatomical structures, diverse medical scenarios, and inconsistent image quality, the current algorithms
still fall short of meeting the stringent medical standards essential for high-precision, fully automatic workflows, and require further
improvement. Furthermore, while deep learning exhibits superior performance in extensive datasets, it grapples with the challenge of
inadequate interpretation of features and is incapable of providing a qualitative explanation of the essence of deep learning features.
This limitation is a critical factor influencing the clinical application of AI and can be solved in the future by fusing radiomics and deep
learning features. In addition, especially for deep learning methods, the majority of studies have relied on a limited volume of data
from a single source, and more data are required to train and verify the model. An MRI-based Al model needs to be universally
validated in large multicenter datasets [53]. Hence, future researchers conducting studies on the advancement of Al in RC should
prioritize increasing the amount of research data and standardizing the AI workflow to ensure the robustness and generality of the
model. Despite these challenges, the potential applications of MRI-based Al in RC are substantial. In the near future, by standardizing
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Top 10 Keywords with the Strongest Citation Bursts

Keywords Year Strength Begin End 2016 - 2023
chemoradiotherapy 2016 194 2016 2019 s
chemotherapy 2016 186 2016 2019 .
carcinoma 2016 1.54 2016 2019 s
prediction 2016 091 2016 2017
apparent diffusion coefficient 2017 1.04 2017 2018
neoadjuvant chemoradiation 2018 092 2018 2019 —
magnetic resonance imaging (mri) 2019 127 2019 2021 ——
convolutional neural networks 2019 0.83 2019 2021 E—
criteria 2019 0.76 2019 2021 a—
locally advanced rectal cancer 2020 0.77 2020 2021 p—

Fig. 8. Visualization analysis of keywords.
A. Word cloud of keywords. B. Co-occurrence network of keywords. C. Density distribution of keywords. D. The top 10 burst keywords. The size of
the words is determined based on their frequency. The blue line represents the time period, while the red part indicates the time span of the burst.

the Al processes, breaking down barriers between data, and enhancing model generalization, Al will ultimately be applied in clinical
settings. This will significantly advance proctology, delivering more efficient, precise, and personalized healthcare services to a greater
number of patients.

Bibliometrics enables the analysis of authors, institutions, countries, and references within literature databases, providing insights
into a specific research area and facilitating visualization through various tools, such Citespace and VOSviewer. It offers a more
thorough analysis of the literature and presents more intuitive results compared to a typical systematic review. In the present study on
MRI-based Al in RC, bibliometrics was used to explore the applications and developments in this field through multiple perspectives,
including publication characteristics, contributions from institutional authors, co-citations of authors’ work, and keyword trends,
utilizing diverse visualization tools, to speculate on future research trends. Nonetheless, this study had some limitations. First,
although the WOSCC is regarded as the most commonly used scientometric analysis database, it may not contain all relevant studies;
therefore, relevant studies in other databases may have been overlooked. Second, only English-language publications were analyzed,
which may have biased the findings. In addition, only publications before November 30, 2023, were included in this study. Owing to
citation delays, some recently published high-quality studies may not garner the deserved attention, necessitating timely updates in
subsequent research endeavors.

5. Conclusions

This study employed bibliometrics to conduct a comprehensive analysis of the published literature on MRI-based Al in RC. The
results indicated that the application of Al to MRI data for the evaluation and prediction of the diagnosis, treatment, and prognosis of
RC is a hotspot and at the frontier of current research in this field and has great potential for development. Future research trends in
this field will focus on enhancing the image quality, incorporating large-sample, multicenter research data, and standardizing the AI
workflow to improve its robustness and generality.
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