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Background and objectives: Crohn’s disease (CD), a complex member of the inflammatory bowel disease spectrum, is characterized by the diversity and skipping distribution of intestinal mucosal lesions, significantly complicating its differential diagnosis with intestinal diseases such as ulcerative colitis and intestinal tuberculosis. With the increasing application of artificial intelligence (AI) in the medical field, its utilization in primary diagnosis has become more widespread. However, there is a lack of systematic evaluation regarding the specific efficacy of AI in identifying CD through capsule endoscopy.

Methods: This study conducted a comprehensive search of PubMed databases, Cochrane, EMBASE, and Web of Science up to May 21, 2024, to collect relevant literature. The Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool was used to rigorously assess the quality of included studies, and detailed information on study characteristics and AI algorithms was extracted. A bivariate mixed-effects model was employed to synthesize and analyze the sensitivity, specificity, and area under the receiver operating characteristic curve (AUC). Additionally, meta-regression and subgroup analyses were conducted to delve into the potential sources of heterogeneity.

Results: Ultimately, eight studies encompassing 11 distinct AI models were included in this meta-analysis. The overall area under the curve (AUC) for AI in identifying CD through capsule endoscopy was 99% (95% CI, 100%-0.00), indicating high diagnostic accuracy. Specifically, the pooled sensitivity was 94% (95% CI, 93–96%), specificity was 97% (95% CI, 95–98%), positive likelihood ratio (PLR) was 32.7 (95% CI, 19.9–53.6), negative likelihood ratio (NLR) was 6% (95% CI, 4–7%), and diagnostic odds ratio (DOR) reached 576 (95% CI, 295–1,127). Meta-regression analysis further revealed that AI algorithm type, study population size, and study design might be key sources of heterogeneity.

Conclusion: This study demonstrates the significant potential of AI technology in assisting endoscopists in detecting and identifying CD patients through capsule endoscopy. However, given the limitations and heterogeneity of current research, more high-quality, large-sample studies are needed to comprehensively and thoroughly evaluate the practical application value of AI in CD diagnosis, thereby promoting its widespread adoption and optimization in clinical practice.

Keywords
 artificial intelligence; capsule endoscopy; Crohn’s disease; convolutional neural network; deep learning


Introduction

CD is a chronic inflammatory condition that can affect any part of the gastrointestinal tract, from the mouth to the anus, with the terminal ileum and proximal colon being the most commonly involved regions (Torres et al., 2017). It is characterized by a discontinuous, patchy distribution of inflammation (Dolinger et al., 2024). The diagnosis of CD relies on identifying specific findings through endoscopic examination and histological analysis of biopsy samples. Endoscopic features typically include a cobblestone appearance of the mucosa, aphthous ulcers, and skip lesions (Feuerstein and Cheifetz, 2017). Even lesions such as ulcers, fistulas, strictures, and multiple comorbidities may arise during the occurrence and development of CD. These characteristic findings are crucial for distinguishing CD from other inflammatory bowel diseases and for guiding appropriate treatment strategies. So distinguishing CD from intestinal tuberculosis and ulcerative colitis can be challenging.

Capsule endoscopy is a non-invasive diagnostic technique for gastrointestinal diseases, particularly effective in small bowel exploration. It has shown superior performance compared to convolutional endoscopy in terms of CD lesion detection (Kopylov et al., 2017; Tamilarasan et al., 2022). Despite the significant benefits of capsule endoscopy, it faces inherent challenges. These include the ability to observe the entire digestive tract, which leads to a large workload and the inability to focus on a specific area for repeated observation, posing diagnostic difficulties. The large volume of non-targeted images, which can lead to missed diagnoses, even by experienced endoscopists (Brodersen et al., 2024). This problem is even more pronounced for less experienced staff, who often achieve lower detection rates and have less situational awareness. Therefore, enhancing the diagnostic capabilities of less experienced endoscopists in interpreting capsule endoscopy images is highly desirable.

Deep learning (DL), a subset of AI, is primarily based on deep artificial neural networks (Litjens et al., 2017). Convolutional neural network (CNNs), main deep learning algorithm for image analysis, have demonstrated remarkable performance across a wide range of image analysis tasks (Jahagirdar et al., 2023; Xie et al., 2022; Khan et al., 2020). AI is already being utilized in clinical practice (Tao et al., 2025), it has also been successfully applied to gastrointestinal endoscopy images, such as enhancing the detection of polyps (Aziz et al., 2020), tumors (Keshtkar et al., 2023), intestinal tuberculosis (Park et al., 2025), and inflammatory bowel disease(IBD) (Carter et al., 2023) in endoscopy. Thereby improving disease detection rates. AI holds the potential to automatically detect various types of lesions, shorten the reading times of capsule endoscopy and reduce missed diagnoses (Luo et al., 2024). A significant barrier to the adoption of capsule endoscopy for comprehensive gastrointestinal examination can be removed. This meta-analysis aims to synthesize current research on the application of AI in capsule endoscopy for the detection of CD lesions. By integrating data from multiple studies, we evaluate the effectiveness, accuracy, and clinical impact of AI-assisted capsule endoscopy, providing insights into its potential as a diagnostic tool in gastroenterology.



Method


Protocol and registration

This systematic review adheres to the rigorous PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) guidelines for comprehensive reporting. Our protocol (CRD42024545296) was duly registered with PROSPERO in May 2024, ensuring transparency and reproducibility in our research methodology. All phases of the review-including title and abstract screening, full-text screening, data extraction, assessment of adherence to reporting guidelines, and evaluation of bias and applicability-were independently performed in duplicate by two reviewers. Any disagreements were resolved through discussion with a third independent reviewer.



Study selection for inclusion

Studies were selected based on inclusion and exclusion criteria that focus on the utilization of AI for the diagnosis of mucosal lesions in CD via capsule endoscopy. Inclusion criteria included peer-reviewed research articles and clinical trials that detail the development or application of AI algorithms specific to capsule endoscopy in CD patients. Exclusion criteria eliminated studies not involving AI, those not using capsule endoscopy, and studies focusing on diseases other than CD.

The search will be conducted across several databases including PubMed, Cochrane, EMBASE, and Web of science using keywords such as “artificial intelligence,” “capsule endoscopy,” and “Crohn’s disease” (Supplementary material). Initial screening will involve reviewing titles and abstracts for relevance. Subsequently, full texts of selected articles will be examined to confirm eligibility. This process will be undertaken independently by two reviewers, with discrepancies resolved by consensus or by consulting a third expert reviewer.



Data extraction

Data will be extracted using a standardized data collection form developed to capture specific details relevant to the review objectives. Key data points will include: study author(s), publication year, sample size, AI model description (e.g., type of algorithm, training data size), capsule endoscopy findings, and diagnostic accuracy metrics (specificity, sensitivity). Extraction will be conducted by two independent reviewers to ensure accuracy, with a third reviewer available to resolve any discrepancies. Data will be recorded in a structured digital database, which facilitates data management and subsequent analysis.



Assessment of study characteristics

Eligible studies for inclusion in the review comprised prospective cohort studies, retrospective analyses evaluating the diagnostic accuracy of AI-assisted capsule endoscopy for detecting CD. To qualify, articles needed to report estimates of overall diagnostic accuracy, sensitivity (%), and specificity (%), accompanied by 95% confidence intervals (CIs). There were no restrictions on the size of the studies.



Risk of bias/quality assessment tool

The Quality Assessment of Diagnostic Accuracy Studies-2 (QUADAS-2) tool was utilized to evaluate the methodological quality of the included articles (Whiting et al., 2011). This tool encompasses four domains: patient selection, index test, reference standard, and flow and timing. Each domain was assessed for high, low, or unclear risk of bias, while the first three domains were also evaluated for high, low, or unclear concerns regarding applicability. The first three areas were also evaluated as applicability issues. Each section is classified as having high, low, or unclear risk of bias. Two investigators independently evaluated the retrieved articles for eligibility, resolving any discrepancies through mutual consensus. Review Manager version 5.3 was employed to create the summary figure for the methodological quality assessment.



Data synthesis methods

The synthesis of data in this review will be tailored to quantitative analyses, given the technical and clinical variability in the studies. Quantitative synthesis, where data permits, will include a meta-analysis to aggregate diagnostic performance metrics such as sensitivity, specificity, positive predictive value (PPV), negative predictive value (NPV), and AUC from the receiver operating characteristic (ROC) analysis.



Meta-analysis approach

We used the MIDAS module within STATA (version 18) for statistical analysis. True positives (TP), false negatives (FN), false positives (FP), and true negatives (TN) were constructed to 2×2 contingency tables from artificial intelligence diagnostics of CD patients. The bivariate mixed effects regression model is used for the following indicators: merged sensitivity, specificity, PLR, NLR, DOR, and AUC. Firstly, the heterogeneity of the included studies is evaluated by visually examining the merged comprehensive subject operating characteristic (SROC) curves, and asymmetric shapes indicate significant heterogeneity. Use Spearman correlation analysis to test for heterogeneity caused by threshold effects; Cochran’s Q test and I2 value test were used to investigate heterogeneity caused by non-threshold effects. If I2 < 50%, it can be considered that there is low heterogeneity between research results. In this case, a fixed effects model was used for merging; If I2 ≥ 50%, it can be considered that there is high heterogeneity, and a random effects model is used for merging. Explore the sources of heterogeneity through subgroup analysis and meta regression analysis. Use Deek’s funnel plot to evaluate publication bias, where p < 0.1 indicates asymmetric funnel plot. p ≤ 0.05 is considered statistically significant. Simultaneously using Fagan’s column chart to evaluate the role and clinical value of AI assisted systems in the diagnosis of CD.




Result


Identification of relevant studies

A total of 155 articles were identified through a search across four electronic databases. Of these, 36 were found to be duplicates and were removed. During the initial screening, which involved a review of titles and abstracts, 106 articles were excluded. The full texts of the remaining 13 articles were thoroughly reviewed. Out of these, five studies were excluded from the final analysis because they did not align with the focus of this systematic review, which is the role of capsule endoscopy in the assessment of CD. Thus, eight studies were included in the final analysis (Figure 1).
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FIGURE 1
 Flow diagram of search methodology and literature selection process.




Characteristics of the included studies

All studies assessed the performance of their AI algorithms using an internal validation test dataset, none reported external validation performance. Among the 8 studies diagnosing CD using capsule endoscopy images, a total of 444 patients (353 with CD and 91controls) were identified from 2020 to 2024. Of these studies, 6 were retrospective and 2 were prospective. Most studies developed AI algorithms using deep learning, while three studies employed convolutional neural network algorithms. Almost exclusively, these studies aimed to evaluate the efficacy of the algorithm in CD patients. Klang et al. (2021) selected capsule endoscopy images from 10 CD patients to train a model for detecting intestinal stenosis lesions, while Marin-Santos et al. (2023) utilized capsule endoscopy images from 38 CD patients to identify various lesions in the intestinal mucosa. An exception to this trend is the study conducted by Brodersen et al. (2024), which notably did not exclude patients with ulcerative colitis and cancer. The number of participants in each study displayed a wide range, varying from a minimum of 10 to a maximum of 133 individuals. Moreover, a limitation across these retrospective studies was the absence of reporting the average age and gender of the participants. Most studies established the AI algorithm based on the deep learning. The included studies could be categorized by analysis based on design, AI algorithm, the number of enrolled patients. These characteristics were evaluated as potential sources of heterogeneity through the subgroup analysis and meta-regression. Detailed characteristics of the studies are presented in Table 1.



TABLE 1 Summary of studies in the literature review that applied AI techniques for capsule endoscopy image analysis.
[image: Table1]



Quality evaluation of included literature

Regarding the QUADAS-2 tool, the quality assessment results of included studies are summarized in Table 2. Among the 8 studies included in the final analysis, 2 demonstrated a low risk of bias, 6 study at unclear risk. Bias in the included studies primarily stems from the domains of patient selection, index test, flow and timing.



TABLE 2 Quality Assessment of Diagnostic Accuracy Studies-2 risk for the assessment of the methodological qualities.
[image: Table2]



Diagnostic test accuracy of artificial intelligence for the Crohn’s disease

Among the 8 studies of patient-based analysis, the sensitivity (Figure 2a), specificity (Figure 2b), PLR (Figure 2c), NLR (Figure 2d), diagnostic score (Figure 2e), and DOR (Figure 2f) of AI for CD were 0.94 (95% CI, 0.93-0.96), 0.97 (95% CI, 0.95-0.98), 32.7 (95% CI, 19.9-53.6), 0.06 (95% CI, 0.04-0.07), 6.36 (95% CI, 5.69-7.03), and 576 (95% CI, 295-1127), respectively, in Figure 2. The summary receiver operating characteristic (SROC) curve for the included studies (n = 8) was presented in Figure 3, where the calculated area under the curve (AUC) was 0.99 (95% CI, 0.97-0.99). To investigate the clinical utility of AI, a Fagan nomogram was generated. As shown in Figure 4, with a pretest probability of 20%, the post-test probability for a positive result was 89%. Given a negative test result, the negative likelihood ratio of 0.06 reduced the posterior probability to 1%.

[image: Figure 2]

FIGURE 2
 Forest plots reveal sensitivity, specificity, positive likelihood ratio (PLR), negative likelihood ratio (NLR), diagnostic score and diagnostic odds ratio (DOR) estimates of Artificial Intelligence for Crohn’s disease in capsule endoscopy images. Sensitivity (a), specificity (b), PLR(c), NLR (d), diagnostic score (e), and DOR (f).
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FIGURE 3
 Summary receiver operating characteristic (SROC) curve with 95% confidence and prediction regions for Crohn’s disease detection in capsule endoscopy.
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FIGURE 4
 Fagan nomogram for the diagnosis of Crohn’s disease in capsule endoscopy images.




Exploring heterogeneity with meta-regression

The meta-analysis of AI-assisted capsule endoscopy for CD lesion detection revealed significant heterogeneity. To explore the sources of this heterogeneity, we performed meta-regression and subgroup analyses. Results demonstrated that heterogeneity in sensitivity was significantly influenced by design type, sample size, and algorithm type; whereas heterogeneity in specificity was primarily attributed to sample size and algorithm type (Table 3 and Figure 5).

[image: Figure 5]

FIGURE 5
 Meta-regression analysis identifying sources of heterogeneity in the diagnostic test accuracy meta-analysis.




TABLE 3 The subgroup analysis of AI- assisted capsule endoscopy for detecting CD lesion.
[image: Table3]



Publication bias

We performed a publication bias analysis for the included studies. No significant bias was observed in diagnostic Crohn’s disease efficacy of AI via capsule endoscopic images. Figure 6 shows the Deek’ funnel plot indicated no evidence of publication bias (p = 0.56).

[image: Figure 6]

FIGURE 6
 Deek’ funnel plot for the studies of assessing publication bias (p = 0.56), indicating no significant publication bias. Each dot represents an individual study.





Discussion


Principal findings

CD is an autoimmune disorder that affects the entire digestive tract and can progress rapidly (Chapman and Satsangi, 2024). Capsule endoscopy offers significant advantages for diagnosing CD, as it minimizes the need for multiple invasive procedures and reduces patient discomfort (Marquès Camí et al., 2020). However, capsule endoscopy produces a large volume of images, some of which may be blurry or irrelevant. Moreover, gastrointestinal mucosal lesions of CD include various manifestations such as edema, ulcers, fistulas, stenosis, etc., all of which contribute to the complexity and challenge of making an accurate diagnosis (Deng et al., 2024). Especially for inexperienced clinicians in primary hospitals, differentiating CD, UC and non-IBD colitis has remained a dilemma.

Traditionally, endoscopy diagnosis is operator-dependent and subjective, recent studies have demonstrated the substantial potential of AI in medical diagnostics (Khan et al., 2020; Mitsala et al., 2021; Huang et al., 2022). AI-assisted endoscopy can provide a valuable second opinion, potentially reducing operator dependency (Parkash et al., 2022). This approach, characterized as computer-aided diagnosis, significantly improves the diagnostic accuracy of endoscopy. Endoscopist combined with AI analysis will enhance the probability of uncovering crucial gastrointestinal mucosal lesions under endoscopy, thereby advancing the accuracy and effectiveness of diagnostic assessments. Recently, deep learning, as the subset of AI, grown dramatically with a high overall coverage in medical research. Based on the detailed description of Table 1, it is evident that the deep learning algorithm undergoes constantly updates. Thousands of computational iterations, these algorithms can “learn” the unique features of images or data with a given classification, then emulate human problem-solving and identify specific capsule endoscopy images of CD. Klang et al. (2020) presented the results of 5 experiments performed on randomly split images (80% training, 20% testing), ultimately enhancing classification accuracy through the integration of these data. Throughout the validation phase, they demonstrated an enhanced performance, achieving accuracies ranging from 95.4 to 96.7%. Vallée et al. (2020) and De Maissin et al. (2021) employed a multifaceted strategy incorporating a diverse array of deep learning models to secure a thorough assessment of the characteristics of histological images and endoscopic data, yielding an overall F1 score of 91.46% with the VGG16 system. Marin-Santos et al. (2023) demonstrated high recognition accuracy utilizing the convolutional neural network system, exhibiting substantial precision in test phase and achieving a 95–99% sensitivity range.

This article provides a comprehensive review of the diverse applications of AI in diagnosing CD patients through the analysis of capsule endoscopy images. Deep learning exhibits high diagnostic accuracy for CD patients undergoing capsule endoscopy, particularly when utilizing convolutional neural networks. The applications of AI are not only in diagnose CD, but also in prognosis and predicting treatment response. It is essential for managing diseases, mitigating the risk of prolonged complications, and enhancing the quality of life for CD patients. A significant finding of this study is the robustness of the AI algorithm’s diagnostic performance, while studies involving a large patient population and high methodological quality demonstrated higher diagnostic performance, the difference was not substantial.



Limitations

Despite employing a comprehensive and thorough search strategy, several limitations must be acknowledged regarding both the evidence and the review itself. We were able to identify only 8 eligible studies. Any of these studies presented an unclear risk of bias due to their design. But most studies either had small sample sizes or included only patients with CD, which may have compromised the precision of the effect estimates. The studies included in the meta-analysis lack external data validation, which compromises the reliability of their findings. Most studies utilize deep learning as the AI algorithm, with only 3 studies employing convolutional neural network.

Compared to previous AI-assisted studies in endoscopy, those applications are predominantly utilized to differentiate polyps, tumors, peptic ulcers, and IBD. This review has demonstrated that the majority of the included studies are capable of detecting multiple abnormalities in patients with CD. However, differentiating between IBD subtypes remains a notable gap, particularly due to their complexity and the significant variability observed among individual patients. AI-assisted colonoscopy applications specifically designed for UC patients have been introduced exclusively in Japan. Due to the requirement of specialized endoscopes, this software has not been widely adopted in clinical practice (Ogata et al., 2025). Additionally, it suffers from multiple biases, particularly the unequal distribution of CD patients among the participants, the absence of randomization in selecting subjects, the utilization of datasets from different resources, and the use of more uneven image resolution, all of which restrict the generalizability of the findings. Although these findings employing a multimodal imaging technique which facilitated a more thorough evaluation of histological characteristics, AI applications for assessing architectural modifications and inflammatory infiltrates were less impressive, further advancements are necessary to enhance the accuracy and dependability in identification. This meta-analysis also presents the results of an advanced AI-assisted diagnostic system, but the studies included were unable to detect and analyze CD activity, and estimate the corresponding endoscopic activity. To enhance diagnostic capabilities, AI must be trained and rigorously validated using vast amounts of data, allowing it to learn the intricacies of these diverse manifestations and ultimately improve its diagnostic accuracy. Therefore, more prospective studies focusing on the application of AI in clinical practice, particularly in diagnostic equipment, is essential.




Conclusion

AI algorithms have demonstrated high accuracy in identifying various gastrointestinal pathologies, including polyps, neoplasms and peptic ulcer infected with helicobacter pylori. This meta-analysis has presented the application of AI to enhance the primary diagnosis of CD patients in capsule endoscopy images, by facilitating the identification and classification of specific patterns and lesions in histological images. It aimed to synthesize the existing evidence on the diagnostic accuracy of AI models for identifying lesions associated with CD in capsule endoscopy, and attempted to address crucial gaps in the current literature. Our study indicated a sensitivity of 94% and a specificity of 97% when utilizing AI for diagnosing CD in capsule endoscopy images, presenting the potential to revolutionize its treatment and diagnosis. However, heterogeneity and small sample sizes compromise the quality and validity of these findings. The currently lack sufficient data to accurately identify intestinal mucosal lesions such as ulcers, stenosis, and bleeding. Further research, including rigorous patient’s selection and randomized clinical trials, is needed to fully assess the effectiveness of AI in capsule endoscopy. Additionally, the possibility of missing potential lesions in AI-assisted analysis of capsule endoscopy results cannot be dismissed, despite the potential benefit of shortened reading times. Overall, it offers a comprehensive overview of these models, serving as a foundation for future research in this field. Such studies could help promote more individualized and flexible screening options for suspected CD patients, to minimize invasive examination.



Author contributions

YB: Writing – original draft, Writing – review & editing. RP: Writing – review & editing. YLe: Data curation, Writing – review & editing. ZL: Formal analysis, Writing – review & editing. YLi: Funding acquisition, Supervision, Writing – review & editing.



Funding

The author(s) declare that no financial support was received for the research and/or publication of this article.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Generative AI statement

The authors declare that no Gen AI was used in the creation of this manuscript.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/frai.2025.1531362/full#supplementary-material



References

 Aziz, M., Fatima, R., Dong, C., Lee-Smith, W., and Nawras, A. (2020). The impact of deep convolutional neural network-based artificial intelligence on colonoscopy outcomes: a systematic review with meta-analysis. J. Gastroenterol. Hepatol. 35, 1676–1683. doi: 10.1111/jgh.15070 

 Brodersen, J. B., Jensen, M. D., Leenhardt, R., Kjeldsen, J., Histace, A., Knudsen, T., et al. (2024). Artificial intelligence-assisted analysis of Pan-enteric capsule endoscopy in patients with suspected Crohn’s disease: a study on diagnostic performance. J. Crohn's Colitis 18, 75–81. doi: 10.1093/ecco-jcc/jjad131 

 Brodersen, J. B., Kjeldsen, J., Juel, M. A., Knudsen, T., Rafaelsen, S. R., and Jensen, M. D. (2024). Changes in endoscopic activity and classification of lesions with panenteric capsule endoscopy in patients treated for Crohn's disease - a prospective blinded comparison with ileocolonoscopy, faecal calprotectin and C-reactive protein. J. Crohns Colitis 19. doi: 10.1093/ecco-jcc/jjae124 

 Carter, D., Albshesh, A., Shimon, C., Segal, B., Yershov, A., Kopylov, U., et al. (2023). Automatized detection of Crohn's disease in intestinal ultrasound using convolutional neural network. Inflamm. Bowel Dis. 29, 1901–1906. doi: 10.1093/ibd/izad014 

 Chapman, T. P., and Satsangi, J. (2024). Expanding therapeutic options in Crohn's disease. Lancet 404, 2396–2398. doi: 10.1016/s0140-6736(24)01937-8 

 De Maissin, A., Valleé, R., Flamant, M., Fondain-Bossiere, M., Berre, C. L., Coutrot, A., et al. (2021). Multi-expert annotation of Crohn's disease images of the small bowel for automatic detection using a convolutional recurrent attention neural network. Endoscopy Int. Open 9, E1136–E1144. doi: 10.1055/a-1468-3964 

 Deng, J., Lu, Y., Liu, T., Zhang, M., Yao, J. Y., and Zhi, M. (2024). Changes in clinical features and seasonal variations of Crohn's disease at diagnosis: a 10-year observational study in China. Front. Med. (Lausanne) 11:1489699. doi: 10.3389/fmed.2024.1489699 

 Dolinger, M., Torres, J., and Vermeire, S. (2024). Crohn's disease. Lancet 403, 1177–1191. doi: 10.1016/s0140-6736(23)02586-2

 Ferreira, J. P. S., de Mascarenhas Saraiva, M., Afonso, J. P. L., Ribeiro, T. F. C., Cardoso, H. M. C., Ribeiro Andrade, A. P., et al. (2022). Identification of ulcers and erosions by the novel Pillcam™ Crohn's capsule using a convolutional neural network: a multicentre pilot study. J. Crohns Colitis 16, 169–172. doi: 10.1093/ecco-jcc/jjab117 

 Feuerstein, J. D., and Cheifetz, A. S. (2017). Crohn disease: epidemiology, diagnosis, and management. Mayo Clin. Proc. 92, 1088–1103. doi: 10.1016/j.mayocp.2017.04.010 

 Huang, X., Wang, H., She, C., Feng, J., Liu, X., Hu, X., et al. (2022). Artificial intelligence promotes the diagnosis and screening of diabetic retinopathy. Front. Endocrinol. (Lausanne) 13:946915. doi: 10.3389/fendo.2022.946915 

 Jahagirdar, V., Bapaye, J., Chandan, S., Ponnada, S., Kochhar, G. S., Navaneethan, U., et al. (2023). Diagnostic accuracy of convolutional neural network-based machine learning algorithms in endoscopic severity prediction of ulcerative colitis: a systematic review and meta-analysis. Gastrointest. Endosc. 98, 145–154.e8. doi: 10.1016/j.gie.2023.04.2074 

 Keshtkar, K., Safarpour, A. R., Heshmat, R., Sotoudehmanesh, R., and Keshtkar, A. (2023). A systematic review and Meta-analysis of convolutional neural network in the diagnosis of colorectal polyps and Cancer. Turk J Gastroenterol 34, 985–997. doi: 10.5152/tjg.2023.22491 

 Khan, S., Barve, K. H., and Kumar, M. S. (2020). Recent advancements in pathogenesis, diagnostics and treatment of Alzheimer's disease. Curr. Neuropharmacol. 18, 1106–1125. doi: 10.2174/1570159x18666200528142429 

 Klang, E., Barash, Y., Margalit, R. Y., Soffer, S., Shimon, O., Albshesh, A., et al. (2020). Deep learning algorithms for automated detection of Crohn's disease ulcers by video capsule endoscopy. Gastrointest. Endosc. 91, 606–613.e2. doi: 10.1016/j.gie.2019.11.012 

 Klang, E., Grinman, A., Soffer, S., Margalit Yehuda, R., Barzilay, O., Amitai, M. M., et al. (2021). Automated detection of Crohn's disease intestinal strictures on capsule endoscopy images using deep neural networks. J. Crohns Colitis 15, 749–756. doi: 10.1093/ecco-jcc/jjaa234 

 Kopylov, U., Yung, D. E., Engel, T., Vijayan, S., Har-Noy, O., Katz, L., et al. (2017). Diagnostic yield of capsule endoscopy versus magnetic resonance enterography and small bowel contrast ultrasound in the evaluation of small bowel Crohn's disease: systematic review and meta-analysis. Dig. Liver Dis. 49, 854–863. doi: 10.1016/j.dld.2017.04.013 

 Litjens, G., Kooi, T., Bejnordi, B. E., Setio, A. A. A., Ciompi, F., Ghafoorian, M., et al. (2017). A survey on deep learning in medical image analysis. Med. Image Anal. 42, 60–88. doi: 10.1016/j.media.2017.07.005

 Luo, X., Wang, J., Tan, C., Dou, Q., Han, Z., Wang, Z., et al. (2024). Rapid endoscopic diagnosis of benign ulcerative colorectal diseases with an artificial intelligence contextual framework. Gastroenterology 167, 591–603.e9. doi: 10.1053/j.gastro.2024.03.039 

 Majtner, T., Brodersen, J. B., Herp, J., Kjeldsen, J., Halling, M. L., and Jensen, M. D. (2021). A deep learning framework for autonomous detection and classification of Crohn's disease lesions in the small bowel and colon with capsule endoscopy. Endosc. Int. Open 9, E1361–e1370. doi: 10.1055/a-1507-4980 

 Marin-Santos, D., Contreras-Fernandez, J. A., Perez-Borrero, I., Pallares-Manrique, H., and Gegundez-Arias, M. E. (2023). Automatic detection of crohn disease in wireless capsule endoscopic images using a deep convolutional neural network. Appl. Intell. 53, 12632–12646. doi: 10.1007/s10489-022-04146-3

 Marquès Camí, M., Serracarbasa, A., D'Haens, G., and Löwenberg, M. (2020). Characterization of mucosal lesions in Crohn's disease scored with capsule endoscopy: a systematic review. Front. Med. (Lausanne) 7:600095. doi: 10.3389/fmed.2020.600095 

 Mitsala, A., Tsalikidis, C., Pitiakoudis, M., Simopoulos, C., and Tsaroucha, A. K. (2021). Artificial intelligence in colorectal Cancer screening, diagnosis and treatment. A new era. Curr. Oncol. 28, 1581–1607. doi: 10.3390/curroncol28030149 

 Ogata, N., Maeda, Y., Misawa, M., Takenaka, K., Takabayashi, K., Iacucci, M., et al. (2025). Artificial intelligence-assisted video colonoscopy for disease monitoring of ulcerative colitis: a prospective study. J. Crohns Colitis 19. doi: 10.1093/ecco-jcc/jjae080 

 Park, K., Lim, J., Shin, S. H., Ryu, M., Shin, H., Lee, M., et al. (2025). Artificial intelligence-aided colonoscopic differential diagnosis between Crohn's disease and gastrointestinal tuberculosis. J. Gastroenterol. Hepatol. 40, 115–122. doi: 10.1111/jgh.16788 

 Parkash, O., Siddiqui, A. T. S., Jiwani, U., Rind, F., Padhani, Z. A., Rizvi, A., et al. (2022). Das: diagnostic accuracy of artificial intelligence for detecting gastrointestinal luminal pathologies: a systematic review and meta-analysis. Front. Med. (Lausanne) 9:1018937. doi: 10.3389/fmed.2022.1018937 

 Tamilarasan, A. G., Tran, Y., Paramsothy, S., and Leong, R. (2022). The diagnostic yield of pan-enteric capsule endoscopy in inflammatory bowel disease: a systematic review and meta-analysis. J. Gastroenterol. Hepatol. 37, 2207–2216. doi: 10.1111/jgh.16007 

 Tao, Y., Hou, J., Zhou, G., and Zhang, D. (2025). Artificial intelligence applied to diabetes complications: a bibliometric analysis. Front. Artif. Intell. 8:1455341. doi: 10.3389/frai.2025.1455341 

 Torres, J., Mehandru, S., Colombel, J. F., and Peyrin-Biroulet, L. (2017). Crohn's disease. Lancet 389, 1741–1755. doi: 10.1016/s0140-6736(16)31711-1

 Vallée, R., De Maissin, A., Coutrot, A., Mouchère, H., Bourreille, A., and Normand, N. (2020). “CrohnIPI: an endoscopic image database for the evaluation of automatic Crohn's disease lesions recognition algorithms” in SPIE medical imaging conference - biomedical applications in molecular, structural, and functional imaging (Houston, TX).

 Whiting, P. F., Rutjes, A. W., Westwood, M. E., Mallett, S., Deeks, J. J., Reitsma, J. B., et al. (2011). QUADAS-2: a revised tool for the quality assessment of diagnostic accuracy studies. Ann. Intern. Med. 155, 529–536. doi: 10.7326/0003-4819-155-8-201110180-00009 

 Xie, F., Zhang, K., Li, F., Ma, G., Ni, Y., Zhang, W., et al. (2022). Diagnostic accuracy of convolutional neural network-based endoscopic image analysis in diagnosing gastric cancer and predicting its invasion depth: a systematic review and meta-analysis. Gastrointest. Endosc. 95, 599–609.e7. doi: 10.1016/j.gie.2021.12.021 


Copyright
 © 2025 Bin, Peng, Lee, Lee and Liu. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/xhtml/Nav.xhtml




Contents





		Cover



		Artificial intelligence-assisted capsule endoscopy for detecting lesions in Crohn’s disease: a systematic review and meta-analysis



		Introduction



		Method



		Protocol and registration



		Study selection for inclusion



		Data extraction



		Assessment of study characteristics



		Risk of bias/quality assessment tool



		Data synthesis methods



		Meta-analysis approach









		Result



		Identification of relevant studies



		Characteristics of the included studies



		Quality evaluation of included literature



		Diagnostic test accuracy of artificial intelligence for the Crohn’s disease



		Exploring heterogeneity with meta-regression



		Publication bias









		Discussion



		Principal findings



		Limitations









		Conclusion



		Author contributions



		Funding



		Conflict of interest



		Generative AI statement



		Publisher’s note



		Supplementary material



		References



















OPS/images/frai-08-1531362-t003.jpg
Subgroup Study Type
Design Type Prospective

Retrospective

Sample Size Number>50
Number<s0
Algorithm Type Deep Learning
Other Algorithm

N, Number of included studies.

Sensitivity
096 (0.93-09)
094 (092-0.9)
093(090-095)
096(095-097)
094(092-096)
096 (093 -098)

plvalu
000

0.00

0.00

Specificity
0.99 (098-1.00)
096 (0.94 - 0.98)
0.95 (093-0.98)
0.98 (0.97-0.99)
096 (0.94 - 0.98)
0.99 (0.98 - 1.00)

0.00

0.00





OPS/images/cover.jpg
& frontiers  Frontiers in Artificial Intelligence

Artificial intelligence-assisted
capsule endoscopy for detecting
lesions in Crohn's disease: a
systematic review and
meta-analysis












OPS/images/crossmark.jpg
©

2

i

|






OPS/images/logo.jpg
’ frontiers Frontiers in Artificial Intelligence






OPS/images/frai-08-1531362-g005.jpg
Univariable Meta-regression & Subgroup Analyses

***StudyType Yes - —re—
No- e e
***SampleSize Yes - ———
No- ==
***AlgorithmType Yes 4 8
No- 1 '——'—;
0.90 0.98

*p<0.05, **p<0.01, ***p<0.001

Sensitivity(95% CI)

StudyType Yes - ——

No{  +—e—tn

**SampleSize Yes{ —————

No-+ p——i
***AlgorithmType Yes - ——r
No+ i
T
0.93 1 .bO

Specificity(95% CI)
*p<0.05, **p<0.01, ***p<0.001





OPS/images/frai-08-1531362-g006.jpg
1/root(ESS)

02

04

06 -

08

Deeks'’ Funnel Plot Asymmetry Test
pualue = 0.56

T

o & 5}

[

100 1000

Diagnostic Odds Ratio

o

Study

_ Regression

Line





OPS/images/frai-08-1531362-g003.jpg
‘SROC with Prediction & Confidence Contours

soccue
LGB har-00m
[ErS——

0.0

1.0 05 0.0
Specificity





OPS/images/frai-08-1531362-g004.jpg
Likelihood Ratio
1000
500
200

100
50—

N
>3

Pre-test Probability (%)
a
3

®
3

S5 505 500 S Uiy

S0 855 oSt

83833 &

SR[&

®  PriorProb (%)= 20
5 LR Positive= 33
Post_Prob_Pos (%) = 89

LR_Negative = 0.06
Post_Prob_Neg (%)= 1

Post-test Probability (%)






OPS/images/frai-08-1531362-t002.jpg
Risk of Bias Applicability Concerns

Brodersen, J. B. 2024

De Maissin, A. 2021

Ferreira, J. P. S. 2022

Klang, E.2020

Klang, E .2021

Majtner, T. 2021

Marin-Santos, D. 2023

® O O e S| ® O | ® Referencestandard

D @ O = @ @~ |@® |Pratentselection
® O 0|~ O \ @ @ ndexTest

® O O O ® B ®|® ReferenceStandard
® O\ > > @ | @ FowandTiming
® O 6 e e | ® 6| e |ratentselecton
® O O G 6 B G| O ndexTest

Vallée, R 2020

. High . Unclear . Low






OPS/images/frai-08-1531362-t001.jpg
Study

Klang etal. (2020)

Vallée etal. (2020)

De Maissin et al. (2021)

Klang etal. (2021)

Majtner et al. (2021)

Ferreira etal. (2022)

Marin-Santos et al. (2023)

Brodersen etal. (2024)

2020

2020

2021

2021

2022

2022

2023

2024

Retrospective

Retrospective

Retrospective

Retrospective

Prospective

Retrospective

Retrospective

Prospective

Type of Al Comparator
(DL Fold1)
(DL Fold2)
2 gastroenteroloy
CNN (DL Fold3) & =
fellows
(DL Fold4)
(DL Folds)
(ResNet 34)
Neural (ResNext)
3 independent experts
networks (VGGNet 19)

(VGGNet 16)

CRANN
Neural ResNet 34 1 gastroenterology
networks VGGNet 16 fellow and 3experts.

VGGNet 19
Neural Network A capsule expert
Small bowel
DL
Colon 3 gastroenterologists
(ResNet-50)
Overall
CONN (Xception model) 3 gastroenterologists
CNN 2 digestive specialists
DL (AXARO framework) 2 Gl-Specialists

Dataset size

17,640 images of 49 patients from
department of gastroenterology at
Sheba Medical Center

3,498 images of 63 patients from
the Nantes University Hospital

3,498 images of 63 patients from
CrohnIP1 dataset

27,89 images of 10 patients

774 images from 38 CD patients

in 3 managing centers

2,449 images of 59 patients from a
‘multicenter study

15,972 images of 31 CD patients
from Juan Ramon Jiménez
hospital

86,129 images from 131 CD
patients from Southern Denmark

managing

AL, Artificial Intelligence; CNN, Convolutional neural network; DL, Deep learning: TP, True positives; FP, false positives; EN, false negatives; TN, true negatives.

Ulceration

Ulceration, Stenosis, Edema,
Erythema

Erythema, Edema, Ulceration,

Stenosis

Strictures

Hyperplasia, Ulceration,

Fissure

Ulceration, Erosions

Ulceration, Bleeding,
Erythema, Nodules, Erosion,
etc.

Vascular abnormalities,
Inflammatory, Ulcerations,

bleeding, Polypus

TP FP
6,837 195
6,933 338
7,177 410
699 256
7,154 348
1,506 89
1500 2
1,491 109
1,493 115
a7
1,241 81
1,206 89
1,199 101
815 590
359 o
174 o
533 (]
s 19
1,581 59
49 6
48 8

FN
554
458
214
392
237
124
121
139
137
19
119
154
161

7

21

106

N
10,054
9911
9,839
9,993
9,90
1,64:
1622
1,625
1619
2048
2043
2035
2023
4772
620
302
922

18998

1538

74

7





OPS/images/frai-08-1531362-g001.jpg
G ki
8 Records identified (n=155)
g PubMed=31
= Embase=45
| Cochrane=1
3 Web of science=78
—-—
|— | Records after duplicate
Removed N=36
% J
Full-text screening
N=119
| —
g) Records excluded N=106
S (Irrelevant studies N=38
(2 Review articles N=68)
Full -text article
assessed for eligibility
L D \ =13
- N
Trrelevant studies N=5
D N P <
2 i 5
2 Studies included in
g Review N=§
S
=
=

D





OPS/images/frai-08-1531362-g002.jpg
a Studyla SENSITIVITY (95% CI)
Brodersen, . 82024 | ——=1— | 0920081-098]
Brodersen, J. 82024 — | oseper-10m
Marin Santos, 02023 = | osopse-osg)
Ferria 12022 | osspss-osm
Majr T 2021 t= | osspes-osm
Mainer T 2021 to | oo70s3-058)
Majer T 2021 te | oss0ss-0sm
e Moissin A2021 - 088088-090]
DoMassn 2021 | 089 07-090]
e Moissin A2021 - 081[050-093)
De Maissn A2021 - 081(050-093)
Kang €201 ~| | os21000-094)
Valée R2020 - 082(050-093)
Vaie R2020 - 091[050-083)
Valée R2020 «| | os3psr-osa
Vatee R2020 | | os2por-0sy
2020 = | ostpss-oom
Kang E2020 050054-095)
e | osrpsr-osn
Kang E2020 094[053-084
e E 0s3052-093)
CoMBINED. 08453-096]
Q=75699,1=2000,p= 000
1297306 78.97.93)
s o
c
supa ouspoSTIVE 5% )
M Sarcs, 02023 2mposs- 441
Brodesen, 482023 Sr2u0- 700
Brodrsen4,02023 o217
Fanein 2022 rsssos. 1278
[t | P
[rse o | - so4240c2- x40
it | M 10088 74 55- 1601605)
Do e 2021 141831245
o Massn 2021 25011725-2596]
Do e 2021 2028
o asen 2021 2spou-ssl
Kang 2021 srm-00
Vetdo 2120 157040
Vet ranz0 wassii21a- 746
Vet ranz0 100715
Vet a0 1001470208
g €2020 2s1ps7r-are
Kang 2020 Forssse. 7]
Kang 2020 uzmpa0s- w80
KangE2020 Bupser-ns
e Beu2w0- s
couenen sceiess-si60
Qet5t642 a=2000,p= 000
B xoeds pnss-ses
Suipa DIAGNOSTIC SCORE (95% O
Mar-Sartos, 02023 —] Tas2-7as
Brodeson,,82023 | ——= o718 407)
Brodersen 4 82025 | ——— sTpae-s7)
Fenin. 2022 — Bd0i455-0.40]
Maner 12021 ——— | wnusr-0m
Majner 2021 — | enprm.em
Mapner 2021 —f—— | w0zrwr-102m
Oomassn o1 | —x s0182-501]
[T p— sw0p71-519]
e ssn 2021 — ss701-557]
[T R— 561205 564]
KamgE221 | —x 4s3p3%-459
[ — s0e3-50
vatsoraoo | —= s07f28s-507)
[ — s2pn-s52]
Valsoraoo | —— sa1pss-sa)
wagEz0 | —— s7p38-076]
Kang E2020 — ]
wangez0 | —— s69(360-609]
g E2020 — 610228-6.10]
KagE20 | ——t sa(3a7-6.48]
covamen

b ‘Studyld. ‘SPECIFICITY (95% Cl)
Brodersen,.82024 | ——=— | | 0s0[081-098)
Brogersen, 82024 | ——| | 093p84-097)
Marin Santos, 02023 096[095-07)
Ferrora 12022 = | 099p99-009
Majner T2021 =| 1007100-100)
Majner T 2021 | 100ps9-100)
Majner T2021 =| 10009-1.00)
D baissn A2021 095004 -056)
e Moissin A2021 « | osepss-oon
D haissn A2021 096 [095-057)
e Moissin A2021 096096 -057)
Kang E2021 - 089[088-050)
Vaikée R2020 = | | osspsz-osy
Valée R2020 = | ostps2-0sg
Vaiée R20Z0 = | | ostpo2-0sg
Valéo R2020 »| | osspss-ose
Kang E2020. 097096 -07)
Kong E2020 098[007-038)
Kang £2020 096096 -0.56)
Kong E2020 097096 -07)
Kang £2020 098098 -08)
comBNED os7ps5-058)
Q=1625.89,01=2000,p = 000
129077 (8856 -98.98)
ds o
d
sutpa oRNEGATIVE 5% O
[ o01001-002
Brocran, . 62023 00003021
Botosn, s 02028 | —] o0toor-01
Feroraszz | x owz002.001
12021 | = 004[003.000)
[ e o04002.0081
MaeT2021 | =] 004[003.007)
[yey - o0
DoMassn 2021 - or2p10-01
Do s 2021 - omp0s-01)
Donassn 2021 - omp0s-01)
Kang 2021 - owi007-011
Vatto 2020 - o001
Votdo 2020 - oo p00s.011
Vatda 2020 - 00s(007.000]
Votds o020 - o0s(007.010]
agezm | 003(003.004]
Kang 2020 00s[005.-006)
ez | v 00s[003-009
Kang 2020 b o0si006.-00)
Kargezz0 - 00810070001
covamen oos004-001
Q=m0 a0, 000
eaanporz-osn
£
sutpa 0DDS RATIO 9% C1)
Marn-Sarce, 0202 257582147591 - 449543
Bradorson,.5.2023 1065030383735
Brodursen, 402023 anz17 15858 1588521
Fensin 2022 4845 3817 10 6150.31)
ainecT201 b | usmerrsirerr-reenos
Maner 12021 | f—— 16241.21000.40-20005)
o201 | fo— 287101717104 80005)
Do Maissn A2021 14017 (1151510323
e Masein 2021 17008 13862 23480]
De Massin A2021 2630310662 35188]
s asein 2021 2510220898 377.4)
Wang E2021 @2847179- 12007
Valio 2020 1534211857 - 10851)
Vatéo R2120 15092(12325-207 4]
Valdo 2020 16081 (13037 - 23574)
Vatéo R2120 2481004720735
Wang 2020 ssssaznt2. tors 7T
Kang 2020 s s saaes. 81826
Kiang £2020 04265031 -852.11)
Wang 2020 4437 584 0. 51255
Kang 2020 330 (53804 75120)
comanen st 31p0404- 112727
Q=522 0=2000,
122 10000[10000- 10000)
En 7513035





