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Background
Prediction of pathologic features and outcome in patients with rectal cancer is challenging as a result of lack of a significant biomarker and heterogeneity between and within tumors. This study aims to evaluate the potential of Magnetic Resonance Imaging (MRI)-based radiomics in predicting key pathological features and long-term survival outcomes in patients.
Methods
A retrospective study was conducted on 510 rectal cancer patients treated between 2015 and 2019. The inclusion criteria required pre-therapeutic MRI performed on a Discovery MR750W 3.0T machine and known KRAS mutation status. Forty-seven patients met the criteria. MRI sequences included T1-weighted, T2-weighted fat-saturated (T2FS), high-resolution T2-weighted (T2HR), and diffusion-weighted imaging (DWI). Radiomic features were extracted using PyRadiomics, and machine learning models were developed using XGBoost and LightGBM classifiers. Feature selection was performed using Sequential Feature Selector (SFS) and Minimum Redundancy Feature Selection (mRMR).
Results
The model for KRAS mutation status achieved an Area Under the ROC curve (AUC) of 0.7475 (training) and 0.75 (testing). Lymph node invasion prediction had an AUC of 0.7892 (training) and 0.7984 (testing). Vascular invasion prediction yielded an AUC of 0.6989 (training) and 0.7143 (testing). The 5-year survival prediction model showed an AUC of 0.7848 (training) and 0.7750 (testing). Metastasis prediction achieved an AUC of 0.6627 (training) and 0.6857 (testing).
Conclusion
MRI-based radiomics demonstrates significant potential in predicting key pathological features and long-term survival outcomes in rectal cancer patients. Integrating multimodal imaging data and clinical information, along with automated segmentation techniques, could further enhance model accuracy and clinical utility.
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INTRODUCTION
Cancers of the colon and rectum affect one in every ten cancer patients, making it the third most common type of cancer worldwide and the second leading cause of cancer-related deaths [1]. By 2035, the incidence is projected to exceed 2.5 million new cases annually [2]. The overall prognosis of colorectal cancer (CRC) patients is influenced by several factors, most of which are determined through invasive methods, mostly pathological examination of the removed specimen.
Rectal cancer and its treatment can significantly impact patients’ quality of life, affecting anal continence, sexual function and urinary function. However, life expectancy remains relatively high, with a 5-year overall survival rate exceeding 84%. While a radical surgical approach whether open or minimally invasive is crucial for long-term survival, it is also a primary contributor to reduced quality of life. Recent advancements in neoadjuvant therapy have introduced total neoadjuvant therapy (TNT) as a promising strategy to achieve complete clinical and pathological response, even in patients with locally advanced rectal cancer [3].
Avoiding radical surgery has led to the adoption of a “watch-and-wait” strategy. However, the absence of total mesorectal excision (TME) and the limited tissue obtained through local excision make thorough clinical evaluation of the pelvis essential [4].
Traditional prognostic factors such as lymph node invasion, tumor regression grade, tumor budding, and extramural venous invasion (EMVI) are assessed using MRI at various treatment stages. However, these factors are typically confirmed through pathological evaluation of resected specimens. The discrepancy between MRI findings and the pathological characteristics of non-resected tumors is a critical challenge in decision-making, particularly in optimizing the timing of salvage surgery when following a watch-and-wait protocol. Radiomic analysis, in addition to conventional MRI evaluation, offers a novel perspective on rectal cancer prognosis. By providing a more precise correlation between imaging features and both traditional and emerging prognostic factors such as lymphatic and venous invasion or metastatic potential radiomics enhances the accuracy of risk stratification and long-term outcome prediction [5].
Another significant prognostic factor is the presence of Kristen rat sarcoma (KRAS) mutations, found in 35%–40% of CRC cases. Targeted therapies, such as epidermal growth factor receptor inhibitors, are used in CRC treatment but are significantly less effective in the presence of KRAS mutations [6, 7]. The National Comprehensive Cancer Network recommends cetuximab or panitumumab for late-stage CRC patients, making it essential to determine the mutational status of these patients [8]. Currently, KRAS examination requires histopathological samples typically obtained via colonoscopy. However, in advanced cases, limited mobility of the camera can result in insufficient samples for determining KRAS status.
In this study, we also investigated four pretherapeutic MRI sequences to identify significant radiomic features that could predict various pathological characteristics, such as KRAS mutation, metastasis, lymph-node invasion, vascular invasion, and five-year prognosis on the same patient population. Then with the help of machine learning and classification algorithms integrating the radiomic features and additional patient data we aimed to build a model to be used in a clinical setting and for personalized medicine.
MATERIALS AND METHODS
The research (“Radiomic Analysis of Breast Tumors, Colorectal, Head and Neck, and Ovarian Cancers”) has been ethically approved by the Regional Research Ethics Committee and the Scientific and Research Ethics Committee of the Health Science Council (07464-3/2023/EÜIG). All methods were carried out in accordance with relevant guidelines and regulations. This study was reported in accordance with the main domains of the CLEAR radiomics checklist. However, not all items could be fully addressed, particularly uncertainty measures, and open science items, which we acknowledge as limitations. Due to the retrospective nature of the study, National Ethical Review Board waived the need of obtaining informed consent. This retrospective study enrolled 510 patients who underwent treatment for rectal cancer at the National Institute of Oncology, Budapest, Hungary, between 2015 and 2019. The inclusion criteria for the study were to ensure consistency and reliability of the data. Firstly, patients must have undergone surgery at our institution with proven colorectal adenocarcinoma. Secondly, the MRI must have been performed on our designated 3T MRI machine prior to any therapeutic intervention, ensuring that the imaging data was consistent and comparable across all patients. Lastly, the KRAS mutation status of the patients had to be known, and all additional relevant clinical and pathological information had to be accessible through the institution’s archive. Finally, 47 patients were included in the study with a mean age of 59.72 years (SD 8.959) at the time of surgery (Table 1).
TABLE 1 | The characteristics table of the patient cohort.	Characteristics	Patients	Percentage
	​	47	​
	Age	59.72 (SD 8.959)	​
	Gender
	Male	25	53.2%
	Female	22	46.8%
	Grade
	1	33	70.2%
	2	9	19.2%
	3	5	10.6%
	pT stage
	T1	3	6.4%
	T2	11	23.4%
	T3	25	53.2%
	T4	8	17.0%
	pN stage
	N0	20	42.6%
	N1	20	42.6%
	N2	6	12.8%
	KRAS mutation status
	Mutated	30	63.8%
	Wild	17	36.2%
	Metastasis
	Positive	29	61.7%
	Negative	18	38.3%
	Vascular invasion
	Positive	22	46.8%
	Negative	25	53.2%
	Neural invasion
	Positive	7	14.9%
	Negative	40	85.1%


Clinical characteristics such as age, gender, smoking, alcohol intake, TNM status, pathological features, and surgical method were collected for each patient. The metastatic status of the patients encompassed both synchronous and metachronous metastases based on the available documentation.
MRI
The MRI acquisition for this study was conducted using the Discovery MR750W 3.0T machine, specifically for staging examinations of rectal cancer patients prior to any therapeutic intervention. These patients had previously undergone a positive colonoscopy confirming adenocarcinoma. The MRI scans focused exclusively on the pelvic region using the rectal MRI protocol of our institution. The detailed acquisition parameters can be found in Table 2. Four sequences were utilized in the acquisition process: T1-weighted, T2-weighted fat-saturated, high-resolution T2-weighted (T2HR), and diffusion-weighted imaging (DWI) at the lowest b value. This approach was necessary to provide high-quality, detailed images for accurately defining the region of interest (ROI) and delineating the tumor borders from the surrounding tissue. Such precision in imaging was a must for the accurate staging and assessment of rectal cancer, contributing significantly to the study’s overall objective.
TABLE 2 | Containing the rectal protocol acquisition parameters.	MRI acquisition parameters	T1	T2FS	T2 HR	DWI
	RT	689	9850	7200	8300
	ET	21	83	97	53
	ST	5 mm	5 mm	3.6 mm	3.6 mm
	Resolution	512 × 512/0.6 × 0.6 × 0.5 mm3	512 × 512/0.6 × 0.6 × 0.5 mm3	512 × 512/0.4 × 0.4 × 3 mm3	256 × 256/1.5 × 1.5 × 3 mm3
	ETL	41	7	6	​
	Vendor coil	Ge medical system body 36 AA2
	b-values	​	​	​	50, 800, 1400


Pathology and genetic oncology
During the course of the therapy, patients who were eligible underwent surgery to remove the tumor and surrounding tissue, including the lymph nodes. The excised specimens were then sent to the pathology department for detailed examination. The pathological analysis involved a thorough histopathological evaluation of the tumor and the surrounding tissues to assess the extent of cancer invasion and the involvement of lymph nodes. The information obtained from these examinations included the tumor grade, pathological TNM staging, vascular invasion, perineural invasion, invasion of lymph nodes, and the response to neoadjuvant radiotherapy. For genetic testing, we used the COBAS KRAS Mutation Test v2 Kit, which is designed to detect mutations in exons 2, 3, and 4 of the KRAS gene in formalin-fixed, paraffin-embedded (FFPE) tissue samples obtained through biopsy during the course of the therapy.
Segmentation
The segmentation of the MR images was performed using the 3D Slicer program, a versatile and widely used open-source software platform for medical image informatics, image processing, and three-dimensional visualization [9]. Initially, all patient information was anonymized, and each patient was assigned a unique ID to maintain confidentiality and ensure data integrity. The ROI was precisely segmented for each patient and each MRI sequence. To ensure homogeneity and consistency in the segmentation process, a single operator conducted all segmentations. The operator aimed to include the entire tumor in the segmentation mask. This approach ensured comprehensive and accurate delineation of the tumor boundaries, which was crucial for subsequent radiomic feature extraction and analysis (Figure 1).
[image: Axial MRI scan of the pelvic region showing a highlighted area in green at the center, which outlines a specific anatomical structure with a darker internal region suggesting a possible lesion or cavity.]FIGURE 1 | Axial T1-weighted MRI sequence of the pelvic region in a colorectal cancer patient. The green area indicates the segmented tumor region of interest (ROI), from which radiomics parameters were computed. This segmentation method was then applied across all MRI sequences used in the study.Feature extraction
All 3D image volumes and corresponding segmentations were resampled to an isotropic spatial resolution of 1 × 1 × 1 mm3 prior to radiomics feature extraction. Intensity values were subsequently scaled and normalized to reduce inter-scan variability. The program used for feature extraction in this study was PyRadiomics, an open-source python package designed for the extraction of a large number of radiomic features. The default settings are in line with Image Biomarker Standardisation Initiative (IBSI) guidelines for feature definitions and nomenclature, but minor deviations exist that can be found in the PyRadiomics documentation. PyRadiomics is widely recognized for its flexibility in handling various imaging modalities and providing comprehensive radiomic analyses. From the segmented MR images, a total of 1241 radiomic features were extracted. These features are categorized into several groups, including first-order statistics, shape-based features, and texture features [10].
First-order statistics describe the distribution of voxel intensities within the ROI, providing basic information about the tissue’s intensity values. Shape-based features capture the geometric properties of the tumor, such as volume, surface area, and sphericity, which are for understanding the tumor’s physical characteristics. Texture features, on the other hand, describe the spatial arrangement and relationship of pixel intensities within the ROI, revealing patterns and structures that might not be apparent through visual inspection alone. These texture features are further divided into subcategories, such as gray-level co-occurrence matrix (GLCM), gray-level run length matrix (GLRLM), gray-level size zone matrix (GLSZM), neighboring gray-tone difference matrix (NGTDM), and gray-level dependence matrix (GLDM), each providing unique insights into the tissue architecture and heterogeneity. By analyzing these diverse radiomic features, the study aimed to uncover significant correlations between MRI characteristics and pathological and molecular tumor attributes [11].
Feature selection and model creation
The previously computed radiomic features were merged with the patient information we collected earlier. Our task was divided by five target labels: (a) KRAS mutation status, (b) lymph node invasion, (c) metastasis, (d) vascular invasion, and (e) 5-year survival. The dataset for each target task was then split into a training group and a test group in a 75:25 ratio, maintaining the original ratio of the target label in each different task (e.g., if 25% of the patients were KRAS-mutated in the whole dataset, the training and test groups also had 25% KRAS-mutated patients). The clinical covariates included age, gender, diabetes status, smoking status, and metastasis. For the model in which metastasis was the target variable, this covariate was excluded from the input features.
In the training group, we employed two types of feature selection methods: Sequential Feature Selector (SFS) [12] and Minimum Redundancy Feature Selection (mRMR) [13]. SFS is an iterative method that adds or removes features based on a performance criterion, ensuring that the selected features contribute the most to the model’s accuracy. The mRMR method selects features that are highly relevant to the target variable while being minimally redundant to each other, thus optimizing the feature set for maximum information gain with minimal redundancy.
For model creation, we used the XGBoost Classifier and LightGBM Classifier. XGBoost (Extreme Gradient Boosting) is a powerful, scalable machine learning system for tree boosting that uses a gradient boosting framework. It is known for its efficiency, accuracy, and support for parallel computation [14]. LightGBM (Light Gradient Boosting Machine) is another high-performance gradient boosting framework that is particularly optimized for speed and efficiency with large datasets. It uses a histogram-based algorithm to speed up training [15].
We optimized the hyperparameters of these models to boost their performance. The features that provided the best Area Under the ROC Curve (AUC) values during training were selected for each target label. We then identified the best combination of features and models that provided the highest AUC scores with low standard deviation on the training group.
In addition, confusion matrices were computed and standard performance metrics including sensitivity, specificity, positive predictive value (PPV), and negative predictive value (NPV) were calculated (Table 3).
TABLE 3 | Confusion Matrix, Sensitivity, Specificity, Positive Predictive value, Negative Predictive value for each target model.	Model	Mutation	Lymphnode invasion	Vascular invasion	5 years survival	Metastasis
	Confusion matrix	[[23.7][12.4]]	[[12.10][3.20]]	[[16.12][0.19]]	[[7.8][4.28]]	[[12.8][0.28]]
	Sensitivity	0.250	0.870	1.000	0.875	1.000
	Specificity	0.767	0.545	0.571	0.467	0.600
	PPV	0.364	0.667	0.613	0.778	0.778
	NPV	0.657	0.800	1.000	0.636	1.000


Each model was then evaluated on the test group, and we generated ROC-AUC diagrams for each target group. Additionally, we created a table listing the features that were important for each model, providing insight into the factors most strongly associated with each target outcome.
RESULTS
After applying the inclusion and exclusion criteria outlined in the methods (Figure 2), the study cohort consisted of 47 patients. The cohort had a mean age of 59.72 ± 8.959 years with 25 men and 22 women. The predictive performance of the models was evaluated for various clinical outcomes, with the results summarized in Table 4. The AUC values for each model were assessed during both the training and test phases.
[image: Flowchart illustrating the selection of rectal cancer cases from 2015 to 2019, starting with 510 cases, narrowing to 210 having pretherapeutic pelvic MRI and surgery, excluding 163 without KRAS testing, and resulting in 47 with KRAS test performed.]FIGURE 2 | The Inclusion/Exclusion criteria flowchart of the cohort group.TABLE 4 | The training and test results of the 5 models based on the 5 target labels.	Model	Training AUC	Standard deviation	Test AUC
	KRAS mutation status	0.7475	0.0775	0.7500
	Lymph node invasion	0.7892	0.1670	0.7984
	Vascular invasion	0.6989	0.0073	0.7143
	5-Year survival	0.7848	0.0459	0.7750
	Metastasis	0.6627	0.0421	0.6857


For the KRAS mutation status model, the AUC was 0.7475 during training and 0.7500 in testing (Figure 3A). The lymph node invasion model exhibited a training AUC of 0.7892 and a test AUC of 0.7984 (Figure 3B), indicating strong predictive ability. The vascular invasion model showed a more modest performance, with training and test AUCs of 0.6989 and 0.7143, respectively (Figure 3C). The 5-year survival model demonstrated consistent results, with a training AUC of 0.7848 and a test AUC of 0.7750 (Figure 3D). Finally, the metastasis prediction model showed the lowest performance, with training and test AUCs of 0.6627 and 0.6857, respectively (Figure 3E).
[image: Panel A shows a bar chart of feature importance and an ROC curve for an LGBM classifier predicting "Mutant" status, with an area under the curve (AUC) of 0.7500. Panel B presents an XGB classifier for "Lymph node invasion" with feature importance and an ROC curve, AUC 0.7984. Panel C displays LGBM classifier results for "Vascular invasion," again showing feature importance and an ROC curve, AUC 0.7143. Panel D depicts an LGBM classifier for "5-year survival" with corresponding feature importance and ROC curve, AUC 0.7750. Panel E uses LGBM for "Metastasis," displaying feature importance and an ROC curve, AUC 0.6857. Each panel highlights top features contributing to model predictions and corresponding ROC curve performance.]FIGURE 3 | Feature importance and ROC curve for the prediction models. The left panel displays the top ten most important radiomic features ranked by their importance scores and the right panel shows the Receiver Operating Characteristic (ROC) curve, with the Area Under the Curve (AUC) values on the test data set, indicating the model’s predictive performance. The target labels for the study are KRAS mutation status (A), lymph node invasion (B), vascular invasion (C), 5-year prognosis (D), and the metastasis (E).To avoid overestimating model performance, we trained and evaluated three separate models: one using only clinical variables, one using only radiomic features, and one combining both. The corresponding ROC curves and AUC values are shown, allowing direct comparison of the added value of radiomics beyond clinical variables (Figure 4).
[image: Five-panel figure showing receiver operating characteristic (ROC) curve comparisons for different classification targets: metastasis, mutant, vascular invasion, five-year survival, and lymph node invasion. Each panel compares ROC curves for predictive models using all features, metadata only, and radiomics only, with corresponding area under the curve (AUC) values indicated in each legend. Dotted diagonal lines represent random chance, and axes are labeled as true positive rate versus false positive rate.]FIGURE 4 | ROC curves of the target labels based on 3 separate models, one using only clinical variables, one using only radiomic features, and one combining both.In addition to developing a predictive model for lymph node invasion in rectal cancer, we also calculated the AUC for MRI-based predictions made by a radiologist on the same dataset. The model achieved an AUC of 0.7984, demonstrating a strong ability to distinguish between cases with and without lymph node invasion. In comparison, the radiologist’s assessment on MRI images yielded an AUC of 0.609, indicating a notably lower discriminatory power.
DISCUSSION
In this study, we used MRI based radiomic to predict key pathological features in rectal cancer focusing on KRAS mutation status, lymph node invasion, metastasis and 5-year survival. Our models demonstrated varying levels of predictive performance, with the lymph node invasion model showing the highest test AUC of 0.7892, followed by the KRAS mutation status model (AUC = 0.75). The models for vascular invasion and metastasis showed more modest results (AUC = 7143 and 0.6857, respectively), while the 5-year survival model had a promising AUC of 0.7750.
Compared with existing literature, our findings are generally consistent with previous studies. To our knowledge, this is the first study to examine five distinct target groups using MRI radiomics in the same cohort of rectal cancer patients. The methodology is also unique in that we utilized data from four different MRI sequences simultaneously for model development, combining multiple feature selection algorithms. Several previous publications explored the association of MRI radiomics and genetic makeup of tumors [16, 17].
For KRAS mutation status, our model achieved an AUC of 0.7475, which aligns well with studies by Alshuhri et al., who reported an AUC of 0.68–0.71 using T2-weighted fat-saturated and diffusion-weighted MRI images, and Cui et al., who achieved an AUC of 0.68 in testing dataset with a similar MRI radiomics approach and a with a larger sample size. Alshuhri et al. examined a patient cohort comparable to ours, with a similar sample size of 60 patients and a comparable mean age of 56.3 years. In terms of tumor stage distribution, their cohort included a higher proportion of patients with more advanced disease, as ∼86% were staged T3 or T4 compared to ∼70% in our cohort. Methodologically, they used only a 1.5 T MRI scanner, whereas we employed a 3.0 T system. The use of a higher-field MRI may have allowed more detailed depiction of tumor morphology and an improved signal to noise ratio, which could have contributed to the performance of our radiomics models. These studies emphasize the importance of T2W MRI scans and texture features in accurately predicting KRAS mutations [18, 19].
Our lymph node invasion model’s AUC of 0.7892 is comparable to that reported by Yang et al., who achieved an AUC of 0.87 using multiparametric MRI radiomics. Yang et al.'s approach of using high-resolution imaging and incorporating clinical risk factors into the radiomics model could explain their superior performance. Their study also included roughly twice as many patients as ours, with 139 participants and a similar proportion of lymph node–positive cases of around 50%. Additionally, their focus on multiparametric MRI and the inclusion of both intratumoral and peritumoral features may have enhanced their model’s accuracy and generalizability. This highlights the importance of integrating multiple imaging modalities and clinical data to improve the predictive power of radiomics models [20].
Our study’s model for predicting vascular invasion achieved an AUC of 0.6989 in the training set and 0.7143 in the test set, using texture and shape features from T1, T2FS, T2HR, and DWI sequences. In contrast, the study by Zhang et al. employed a multimodal radiomics model integrating PET-CT and clinical factors for preoperative prediction of lymphovascular invasion LVI in CRC and reported a significantly higher AUC of 0.918 (95% CI 0.782, 0.982). This multimodal approach likely captured a broader range of tumor characteristics, leading to improved prediction performance. While our MRI-based model provides valuable insights, integrating additional modalities like PET and CT, along with clinical predictors, could raise the accuracy and reliability of vascular invasion predictions in CRC patient [21].
Our results for predicting both synchronous and metachronous metastasis in CRC patients, achieved and AUC of 0.6627. In comparison, Yao et al.'s study employed multiparametric MRI radiomics, including T2-weighted imaging, DWI, and contrast-enhanced T1-weighted imaging (CE-T1), and reported an AUC of 0.79 for predicting recurrence and metastasis. Their patient cohort was substantially larger, comprising 234 patients from two centers, which allowed the inclusion of an additional external validation cohort. Moreover, the region of interest was selected by two radiologists, thereby achieving significantly better results. Thus, integrating multiple MRI sequences and clinical data to strengthen the accuracy of metastasis prediction models in CRC patients [22].
Our study achieved an AUC of 0.7848 for predicting the 5-year survival of colorectal cancer patients using MRI-based radiomics. In contrast, a multi-center study published in Cancer Imaging developed a radiomics-based model using CT images and a random forest classifier to predict disease-free survival and the benefit of adjuvant chemotherapy in stage II CRC patients. This study achieved significant predictive performance by integrating clinical data and employing advanced statistical methods such as the C-index and Kaplan-Meier plots [23]. Similarly, Lv et al utilized PET/CT radiomics with random survival forest models, demonstrating high accuracy in predicting prognosis by combining multiple imaging features [24].
One of the main constraints is our reliance on single-modality imaging without incorporating additional modalities like CT or PET/CT limit the predictive power of our models. The relatively small sample size and manual segmentation process also pose challenges to generalizability and efficiency. Future studies should focus on integrating multimodal imaging and clinical data, using automated segmentation, and validating findings in larger cohorts to improve the results and applicability of radiomics in rectal cancer prognosis. This could be mitigated in future studies by using automated segmentation techniques.
In conclusion, our study demonstrates that MRI radiomics holds significant potential in predicting key pathological features in rectal cancer patients. In the evolving clinical landscape of total neoadjuvant therapy (TNT) and the watch-and-wait strategy for rectal cancer, pelvic MRI plays a crucial role in guiding management decisions, including salvage surgery and follow-up strategies. As radical surgery is increasingly being replaced by local excision in patients achieving complete clinical response (cCR) or near-complete clinical response (nCR) following various chemotherapy and radiation protocols, the absence of surgically removed tissue limits the pathological assessment of key prognostic factors. This challenge underscores the need for improved MRI interpretation and radiomics-based approaches to provide reliable surrogate markers for tumor response. Given that our lymph node invasion model performed well, MRI radiomics may serve as a critical tool for identifying patients at risk of residual nodal disease, thereby influencing multidisciplinary team (MDT) driven decisions regarding surveillance and adjuvant therapy. Since the optimal sequencing, chemotherapeutic regimens, and timing of TNT are still under investigation, MRI assessments remain variable but increasingly impactful in MDT planning. Further refinement of MRI radiomics could enhance its role in treatment stratification and long-term disease monitoring in rectal cancer patients [25, 26].
DATA AVAILABILITY STATEMENT
The data analyzed in this study is subject to the following licenses/restrictions: The datasets generated or analyzed during the study are not publicly available due to institutional policies and legal regulations governing data sharing but are available from the corresponding author on reasonable request. Requests to access these datasets should be directed to toth.bertalan00@gmail.com.
ETHICS STATEMENT
The studies involving humans were approved by Regional Research Ethics Committee and the Scientific and Research Ethics Committee of the Health Science Council (07464-3/2023/EÜIG). The studies were conducted in accordance with the local legislation and institutional requirements. The human samples used in this study were acquired from a by-product of routine care or industry. The research (“Radiomic Analysis of Breast Tumors, Colorectal, Head and Neck, and Ovarian Cancers”) has been ethically approved by the Regional Research Ethics Committee and the Scientific and Research Ethics Committee of the Health Science Council (07464-3/2023/EÜIG). All methods were carried out in accordance with relevant guidelines and regulations. Due to the retrospective nature of the study, National Ethical Review Board waived the need of obtaining informed consent.
AUTHOR CONTRIBUTIONS
BT and IS, contributed to the conceptualization of the study. Data curation was performed by BT, ET, and JS. Formal analysis was conducted by MM. Funding acquisition was secured by DT and AT. Investigation was carried out by BT and MM. Methodology was developed by BT, AB, and CK. Project administration was managed by BT. Resources were provided by DT and AT. Software development was conducted by MM, AB, and CK. Supervision was undertaken by DT and AT. Validation was performed by MM, AB, and CK. Visualization was handled by MM. The original draft was written by BT, TM, and MM, while BT was responsible for review and editing. All authors contributed to the article and approved the submitted version.
FUNDING
The author(s) declared that financial support was received for this work and/or its publication. The study was supported by the National Tumor Biology Laboratory project (NTL-19) and by the European Union project RRF-2.3.1-21-2022-00004 within the framework of the Artificial Intelligence National Laboratory Program. The Project was implemented with support from the National Research, Development and Innovation Fund of the Ministry of Culture and Innovation, based on a grant agreement with the National Research, Development and Innovation Office (National Laboratories Program - National Tumor Biology Laboratory - 2022-2.1.1-NL-2022- 00010).
CONFLICT OF INTEREST
The author(s) declared that this work 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 author(s) declared that generative AI was not used in the creation of this manuscript.
Any alternative text (alt text) provided alongside figures in this article has been generated by Frontiers with the support of artificial intelligence and reasonable efforts have been made to ensure accuracy, including review by the authors wherever possible. If you identify any issues, please contact us.
REFERENCES
	Torre, LA, Siegel, RL, Ward, EM, and Jemal, A. Global cancer incidence and mortality rates and trends—an update. Cancer Epidemiol Biomarkers Prev (2016) 25(1):16–27. doi:10.1158/1055-9965.EPI-15-0578

	Araghi, M, Soerjomataram, I, Jenkins, M, Brierley, J, Morris, E, Bray, F, et al. Global trends in colorectal cancer mortality: projections to the year 2035. Int J Cancer (2019) 144(12):2992–3000. doi:10.1002/ijc.32055

	Bao, QR, Ferrari, S, Capelli, G, Ruffolo, C, Scarpa, M, Agnes, A, et al. Rectal sparing approaches after neoadjuvant treatment for rectal cancer: a systematic review and meta-analysis comparing local excision and watch and wait. Cancers (2023) 15(2):465. doi:10.3390/cancers15020465

	Gollub, MJ, Costello, JR, Ernst, RD, Lee, S, Maheshwari, E, Petkovska, I, et al. A primer on rectal MRI in patients on watch-and-wait treatment for rectal cancer. Abdom Radiol (2023) 48(9):2836–73. doi:10.1007/s00261-023-03900-6

	Aschele, C, and Glynne-Jones, R. Selecting a TNT schedule in locally advanced rectal cancer: can we predict who actually benefits?Cancers (2023) 15(9):2567. doi:10.3390/cancers15092567

	Heinemann, V, von Weikersthal, LF, Decker, T, Kiani, A, Vehling-Kaiser, U, Al-Batran, SE, et al. FOLFIRI plus cetuximab versus FOLFIRI plus bevacizumab as first-line treatment for patients with metastatic colorectal cancer (FIRE-3): a randomised, open-label, phase 3 trial. Lancet Oncol (2014) 15(10):1065–75. doi:10.1016/S1470-2045(14)70330-4

	Sundar, R, Hong, DS, Kopetz, S, and Yap, TA. Targeting BRAF-mutant colorectal cancer: progress in combination strategies. Cancer Discov (2017) 7(6):558–60. doi:10.1158/2159-8290.CD-17-0087

	Allegra, CJ, Rumble, RB, Hamilton, SR, Mangu, PB, Roach, N, Hantel, A, et al. Extended RAS gene mutation testing in metastatic colorectal carcinoma to predict response to anti-epidermal growth factor receptor monoclonal antibody therapy: American society of clinical oncology provisional clinical opinion update 2015. J Clin Oncol Off J Am Soc Clin Oncol (2016) 34(2):179–85. doi:10.1200/JCO.2015.63.9674

	Fedorov, A, Beichel, R, Kalpathy-Cramer, J, Finet, J, Fillion-Robin, JC, Pujol, S, et al. 3D slicer as an image computing platform for the quantitative imaging network. Magn Reson Imaging (2012) 30(9):1323–41. doi:10.1016/j.mri.2012.05.001

	Van Griethuysen, JJM, Fedorov, A, Parmar, C, Hosny, A, Aucoin, N, Narayan, V, et al. Computational radiomics system to decode the radiographic phenotype. Cancer Res (2017) 77(21):e104–7. doi:10.1158/0008-5472.CAN-17-0339

	Mayerhoefer, ME, Materka, A, Langs, G, Häggström, I, Szczypiński, P, Gibbs, P, et al. Introduction to radiomics. J Nucl Med (2020) 61(4):488–95. doi:10.2967/jnumed.118.222893

	Pudil, P, Novovičová, J, and Kittler, J. Floating search methods in feature selection. Pattern Recognit Lett (1994) 15(11):1119–25. doi:10.1016/0167-8655(94)90127-9

	Ding, C, and Peng, H. Minimum redundancy feature selection from microarray gene expression data. J Bioinform Comput Biol (2005) 03(02):185–205. doi:10.1142/s0219720005001004

	Chen, T, and Guestrin, C. XGBoost: a scalable tree boosting system. In: Proceedings of the 22nd ACM SIGKDD international conference on knowledge discovery and data mining . San Francisco, California, USA: ACM (2016). p. 785–94. doi:10.1145/2939672.2939785

	Ke, G, Meng, Q, Finley, T, Wang, T, Chen, W, Ma, W, et al. LightGBM: a highly efficient gradient boosting decision tree. In: Advances in neural information processing systems . Long Beach, CA, USA: Curran Associates, Inc. (2017). Available online at: https://proceedings.neurips.cc/paper_files/paper/2017/hash/6449f44a102fde848669bdd9eb6b76fa-Abstract.html (Accessed January 29, 2025).

	Horvat, N, Veeraraghavan, H, Pelossof, RA, Fernandes, MC, Arora, A, Khan, M, et al. Radiogenomics of rectal adenocarcinoma in the era of precision medicine: a pilot study of associations between qualitative and quantitative MRI imaging features and genetic mutations. Eur J Radiol (2019) 113:174–81. doi:10.1016/j.ejrad.2019.02.022

	Meng, X, Xia, W, Xie, P, Zhang, R, Li, W, Wang, M, et al. Preoperative radiomic signature based on multiparametric magnetic resonance imaging for noninvasive evaluation of biological characteristics in rectal cancer. Eur Radiol (2019) 29(6):3200–9. doi:10.1007/s00330-018-5763-x

	Alshuhri, MS, Alduhyyim, A, Al-Mubarak, H, Alhulail, AA, Alomair, OI, Madkhali, Y, et al. Investigating the feasibility of predicting KRAS status, tumor staging, and extramural venous invasion in colorectal cancer using inter-platform magnetic resonance imaging radiomic features. Diagnostics (2023) 13(23):3541. doi:10.3390/diagnostics13233541

	Cui, Y, Liu, H, Ren, J, Du, X, Xin, L, Li, D, et al. Development and validation of a MRI-based radiomics signature for prediction of KRAS mutation in rectal cancer. Eur Radiol (2020) 30(4):1948–58. doi:10.1007/s00330-019-06572-3

	Yang, Ysong, Feng, F, Qiu, Y, Zheng, G, Qiong, GY, and Wang, Y. High-resolution MRI-based radiomics analysis to predict lymph node metastasis and tumor deposits respectively in rectal cancer. Abdom Radiol (2021) 46(3):873–84. doi:10.1007/s00261-020-02733-x

	Zhang, Y, He, K, Guo, Y, Liu, X, Yang, Q, Zhang, C, et al. A novel multimodal radiomics model for preoperative prediction of lymphovascular invasion in rectal cancer. Front Oncol (2020) 10:457. doi:10.3389/fonc.2020.00457

	Yao, X, Zhu, X, Deng, S, Zhu, S, Mao, G, Hu, J, et al. MRI-based radiomics for preoperative prediction of recurrence and metastasis in rectal cancer. Abdom Radiol (2024) 49(4):1306–19. doi:10.1007/s00261-024-04205-y

	Zhu, H, Hu, M, Ma, Y, Yao, X, Lin, X, Li, M, et al. Multi-center evaluation of machine learning-based radiomic model in predicting disease free survival and adjuvant chemotherapy benefit in stage II colorectal cancer patients. Cancer Imaging (2023) 23(1):74. doi:10.1186/s40644-023-00588-1

	Lv, L, Xin, B, Hao, Y, Yang, Z, Xu, J, Wang, L, et al. Radiomic analysis for predicting prognosis of colorectal cancer from preoperative 18F-FDG PET/CT. J Transl Med (2022) 20(1):66. doi:10.1186/s12967-022-03262-5

	Wang, Y, Shen, L, Wan, J, Zhang, H, Wu, R, Wang, J, et al. Short-course radiotherapy combined with CAPOX and Toripalimab for the total neoadjuvant therapy of locally advanced rectal cancer: a randomized, prospective, multicentre, double-arm, phase II trial (TORCH). BMC Cancer (2022) 22(1):274. doi:10.1186/s12885-022-09348-z

	Alvarez, JA, Shi, Q, Dasari, A, Garcia-Aguilar, J, Sanoff, H, George, TJ, et al. Alliance A022104/NRG-GI010: the janus rectal cancer trial: a randomized phase II/III trial testing the efficacy of triplet versus doublet chemotherapy regarding clinical complete response and disease-free survival in patients with locally advanced rectal cancer. BMC Cancer (2024) 24(1):901. doi:10.1186/s12885-024-12529-7


Copyright © 2026 Toth, Mesterházi, Szabo, Mersich, Toth, Szoke, Benczur, Kerepesi, Tarnoki and Tarnoki. 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/images/pore-32-1612303-g003.jpg
Feature Importance and ROC Curve Analysis (LGBM Classifier Model)

A Target label: Mutant
Festure importance. Roc cuve
log-sigma-3-0-mm-30_glcm_Correlation
original_shape_LeastAxisLength
wavelet-LLH_girim_GrayLevelNonUniformity =
original_shape_Maximum2DDiameterSlice s g
wavelet HLH_girim_GrayLevelNonUniformity £
original_shape_SurfaceVolumeRatio
log-sigma-2-0-mm-3D_girm_LongRunHighGrayLevelEmphasis
original_shape_SurfaceArea — avc07500
T Mt T smsienae
Feature Importance and ROC Curve Analysis (XGB Classifier Model)
B Target label: Lymph node invasion
Festre impotance Roc e

- B =

gender 4
log-sigma-2-0-mm-3D_gldm_LargeDependenceHighGrayLevelEmphasis o
wavelet-LHH firstorder_Median

logsigma-2-0-mm.30_gim_LonghunighGraytevetémotosis N
logsigma-1:0-mm:30_giim_LongRunkghrayLevetemehasis N

wavelet-LHL_glszm_LargeArealowGrayLevelEmphasis
wavelet-LLH_glem_Imc1 o2y

waveletHil_gim_inversevariance

Feature

True Positive Rate

Wavelet HHH_giszm_SizeZaneNonUniformityNormalized — auc07904
T mncescre R
Feature Importance and ROC Curve Analysis (LGBM Classifier Model)
C Target label: Vascular invasion
Festure mporance Roc e
original_shape_Maximum2DDiameterRow w
wavelet-LHL_girim_GrayLevelNonUniformity
original_shape_MinorAxistength o 4
original_gldm_SmallDependencelowGrayLevelEmphasis 5. 4
s metastasis i
H original_shape_Elongation i
Iogigma-5-0-mm30_fstorderMaximum H
og-sigma-a-0-mm.-3D_firstorder_Maximum -
wavelet-HLH_glcm JointAverage
original_shape_SurfaceVolumeRatio o — avcona
T petecesioe T ke
D Feature Importance and ROC Curve Analysis (LGBM Classifier Model)
Target label: 5-year survival

Feature importance

metastasis. "

original_shape_Maximum3DDiameter
smokes "'

original_shape_MajorAxisLength

wavelet-LLH_glem_ClusterShade.

original_shape_MinorAxisLength

original_shape_Elongation
wavelet-HLH_girlm_RunLengthNonUniformity P

log-sigma-4-0-mm-3D_gldm_LargeDependenceHighGrayLevelEmphas

wavelet-LLH_firstorder_Skewness o

Importance score Fase ositive Rate.

Feature

“ue Postive Rate

— Auci07750

E Feature Importance and ROC Curve Analysis (LGBM Classifier Model)
Target label: Metastasis

Feature Importance Roc cuve

age =
waveletHHH_glszm_SmallAreaLowGrayLevelEmphasis

original_shape_Maximum3DDiameter L
log-sigma-1-0-mm-30_fistorder_Mean
‘Wavelet-HHL_glcm_ClusterShade
log-sigma-2-0-mm-3D_giszm_SizeZoneNonUniformityNormalized
diagnostics Image-nterpolated_Minimum

original shape_SurfacevolumeRatio w
wavelet-LLH_firstorder_Skewness
log-sigma-2-0.mm-30_glem_Correlation

Ipertance Sowe False Positive Rate

Feature

rue Positve Rote

— Auc: 087






OPS/images/pore-32-1612303-g004.jpg
ROC comparison - Target: metastasis

AUC-ROC comparison - Target: Mutant

10 10
08 08 4
306 7
e
H
7 2 o
Fl .
H g
Foa
.
02 e
— Al features (AUC = 0.6857) — Al features (AUC = 0.7500)
—— Metadata only (AUC = 0.6286) 00 —— Metadata only (AUC = 0.6667)
—— Radiomics only (AUC = 0.5429) . — Radiomics only (AUC = 0.6750)
00 02 0a 06 08 10 00 02 04 06 08 10
False Positive Rate False Positive Rate
ROC comparison - Target: Vascular invasion ROC comparison - Target: 5 year survival
10 = 10
08 - 08
306 506
& 2
2 2
8 &
: :
Foa = oa
02 02
— Al features (AUC = 0.7143) / — Al features (AUC = 0.7750)
00 —— Metadata only (AUC = 0.5414) 50 8 —— Metadata only (AUC = 0.5583)

—— Radiomics only (AUC = 0.6617)

—— Radiomics only (AUC = 0.5750)

0.0 02 04 06 08 10
False Positive Rate

0.0 02 04 06 08 10
False Positive Rate

ROC comparison - Target: Lymph node invasion

10

08

°
ES

True Positive Rate

°

02

0.0

— All features (AUC = 0.7984)
—— Metadata only (AUC = 0.6008)
—— Radiomics only (AUC = 0.6482)

0.0 02 0.4

0.6 08 10

False Positive Rate






OPS/xhtml/nav.xhtml
Table of Contents

		Cover

		Magnetic resonance imaging based radiomics for predicting pathogenetic features and survival in rectal cancer		Background

		Methods

		Results

		Conclusion

		INTRODUCTION

		MATERIALS AND METHODS		MRI

		Pathology and genetic oncology

		Segmentation

		Feature extraction

		Feature selection and model creation





		RESULTS

		DISCUSSION

		DATA AVAILABILITY STATEMENT

		ETHICS STATEMENT

		AUTHOR CONTRIBUTIONS

		FUNDING

		CONFLICT OF INTEREST

		GENERATIVE AI STATEMENT

		REFERENCES









OPS/images/cover.jpg
Pathology & ;
Oncology Research frontiers

Magnetic resonance
imaging based radiomics
for predicting
pathogenetic features and
survival in rectal cancer





OPS/images/pore-32-1612303-g001.jpg





OPS/images/pore-32-1612303-g002.jpg
Rectal cancer cases from 2015 to 2019

(n=510)

Pretherapeutic pelvic MRI and surgery
(n=210)

KRAS test performed

(n=47)

Exclusion KRAS test not performed

(n=163)









OPS/images/crossmark.jpg
©

|





OPS/images/logo.jpg
Pathology & R
Oncology Research frontiers





