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Abstract

:

Simple Summary


Tumor budding is a histopathologic characteristic which has led to a growing interest in the prognosis prediction of cancers of various sites. We aimed to evaluate whether imaging biomarkers could predict tumor budding status. Preoperative MRI radiomic features were used as imaging biomarkers. Four machine learning classifiers were applied to build prediction models using a training dataset. Internal validation was performed to validate the built models. As a result, radiomics-based models predicted tumor budding status with a mean area under the receiver operating characteristic value of 0.816 and a mean accuracy of 0.779 in the independent test dataset. Final selected features were mostly from filtered images, implying the importance of filtering methods in radiomics. Preoperative prediction of tumor budding status may help personalize treatment in cervical cancer patients.




Abstract


Background: Our previous study demonstrated that tumor budding (TB) status was associated with inferior overall survival in cervical cancer. The purpose of this study is to evaluate whether radiomic features can predict TB status in cervical cancer patients. Methods: Seventy-four patients with cervical cancer who underwent preoperative MRI and radical hysterectomy from 2011 to 2015 at our institution were enrolled. The patients were randomly allocated to the training dataset (n = 48) and test dataset (n = 26). Tumors were segmented on axial gadolinium-enhanced T1- and T2-weighted images. A total of 2074 radiomic features were extracted. Four machine learning classifiers, including logistic regression (LR), random forest (RF), support vector machine (SVM), and neural network (NN), were used. The trained models were validated on the test dataset. Results: Twenty radiomic features were selected; all were features from filtered-images and 85% were texture-related features. The area under the curve values and accuracy of the models by LR, RF, SVM and NN were 0.742 and 0.769, 0.782 and 0.731, 0.849 and 0.885, and 0.891 and 0.731, respectively, in the test dataset. Conclusion: MRI-based radiomic features could predict TB status in patients with cervical cancer.
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1. Introduction


Precision medicine refers to medicine optimized to the genotypic and phenotypic characteristics of an individual and disease. The growing focus on precision medicine in oncologic fields is leading to an increased demand for predictable biomarkers, which can be used in decision making in clinical practice. High-throughput data mining from medical imaging, also called radiomic analysis, enables the development of an imaging biomarker with the aid of recent advances in computer science. The term “radio” in radiomics means radiology, and “omics” originally refers to the comprehensive assessment of various molecule types within the cells of an organism. Omics includes various research fields, including genomics, transcriptomics, proteomics, phenomics and radiomics. Because such omics fields can interact with each other in the body, it is necessary to find an association between the different research fields in order to comprehensively improve the understanding of tumor biology and their clinical behavior.



Tumor budding (TB) is defined as the presence of a single cancer cell or clusters of up to four cancer cells at the invasive tumor front or within the main tumor body. It has emerged as a new possible biomarker to predict unfavorable clinical outcomes in various cancer types from different organs [1,2], including colorectal, esophageal, pancreatic, and cervical cancers [3]. Our previous studies demonstrated that TB status was associated with tumor recurrence, lymph node metastasis, and poor overall survival in cervical cancer, suggesting that it may be a prognostic biomarker [4,5].



Nonetheless, one of the disadvantages of histopathologic prognostic factors is that we cannot determine them before surgical resection. It is conceivable that the treatment strategy may vary according to each patient’s given prognosis (e.g., neoadjuvant therapy/surgical extent) if the pathologic prognostic factors, such as TB status, can be predicted reliably by a preoperative imaging study. Thus, we evaluated the possibility of magnetic resonance imaging (MRI) radiomic features to predict TB status in patients with cervical cancer who were undergoing radical hysterectomy.




2. Materials and Methods


2.1. Study Population


The records of 136 patients with cervical cancer who underwent preoperative MRI and radical hysterectomy from 2011 to 2015 were reviewed retrospectively. This study was conducted in accordance with the guidelines and approval from the institutional review board of Kyungpook National University Hospital and Kyungpook National University Chilgok Hospital. The institutional review board provided a waiver of consent. The patients were included based on the following criteria: (a) pathologically confirmed cervical cancer; (b) evaluated by MRI preoperatively; and (c) pathologically described TB status. The exclusion criteria were as follows: (a) not evaluated by MRI preoperatively; (b) neoadjuvant chemotherapy before surgery; (c) no definite cervical tumor on preoperative MRI; (d) did not have contrast-enhanced T1-weighted imaging or T2-weighted imaging; and (e) inadequate image quality due to an intractable artifact. Eventually, 76 patients were enrolled in this study (Figure S1). The enrolled patients were randomly allocated to the training dataset (n = 48) and test dataset (n = 26).




2.2. Histopathological Evaluation


We reviewed the clinicopathologic information from the archives of medical records and corresponding hematoxylin and eosin (H&E)-stained slides of cervical cancers. The clinicopathologic parameters included age, FIGO stage, primary tumor size, histologic subtype, lymphovascular invasion (LVI), deep stromal invasion, parametrial invasion, lymph node status, and TB status. For each case, all available H&E slides were independently reviewed for histopathological features and the quantitative assessment of TB was performed by two pathologists (N.J.P and J.Y.P). The number of reviewed slides ranged from 8 to 25. TB was defined as an isolated single cancer cell or small cell clusters comprising ≤4 tumor cells located within the tumor area, with reference to the examination method used in our previous paper [4]. In brief, the greatest degree of TB was selected using the medium power field (10× objective, Olympus, BX-53), and the highest number of TB per high-power field (20× objective) was determined (the so-called “hotspot” counting method).




2.3. Image Acquisition


The preoperative MRI was obtained with three MR scanners (Discovery MR750, GE Healthcare, 3T; Signa Excite, GE Healthcare, 1.5T; Magnetom Avanto, Siemens Healthcare, 1.5T). The same MR imaging sequences were obtained from all patients, including axial and sagittal T2-weighted fast spin-echo (FSE), axial T1-weighted FSE, and axial and sagittal T1-weighted FSE with fat saturation after gadodiamide administration. The MRI protocol was as follows: axial T2-weighted images (repetition time/echo time, 3500–4500/90–110; slice thickness, 5 mm, no gap; field of view, 22 × 22 cm to 26 × 26 cm; matrix, 320 × 224, 384 × 256), sagittal T2-weighted images (repetition time/echo time, 4000–6000/90–110; slice thickness, 5 mm, no gap; field of view, 24 × 24 cm; matrix, 384 × 256, 416 × 256), and axial T1-weighted images (repetition time/echo time, 700–800/minimum; slice thickness, 5 mm, no gap; field of view, 22 × 22 cm to 26 × 26 cm; matrix, 320 × 256, 384 × 224).




2.4. Segmentation and Preprocessing


Figure 1 illustrates the schematic diagram of the radiomic analysis. Before image segmentation, the patient-sensitive information was anonymized. The primary tumor lesion was semi-manually segmented on axial gadolinium-enhanced T1-weighted images and T2-weighted images by the two radiation oncologists (S.H.P. and B.K.B), using the annotation tool of 3D Slicer version 4.11.0 (www.slicer.org (accessed on 26 June 2020)).



The MRI images were resampled with a pixel space of 0.8 and slice thickness of 5 mm using a linear interpolation algorithm. Because the MRI signal intensities are relative values, we normalized the intensity using PyRadiomics. Normalization was based on the all-gray values contained within the image, not just those defined by the region of interest (ROI). The normalization scaling factor was set to 100. All voxel values were shifted by 300 to ensure that most voxels had positive values.




2.5. Radiomic Feature Extraction and Selection


The radiomic features were extracted from the ROIs on post-contrast T1-weighted and T2-weighted images using Pyradiomics version 3.0 [6]. Eighteen first-order features, 14 shapes, 24 gray-level co-occurrence matrix, 16 gray-level size zone matrix, 16 gray-level run length matrix, 5 neighboring gray tone difference matrix, and 14 gray-level dependence matrix features were extracted from the original and filter-applied images from postcontrast T1-weighted and T2-weighted images, resulting in 2074 total features. The filters included Laplacian of Gaussian filters with sigma values of 1.0 and 3.0 mm and wavelet filters (eight combinations of high- and low-pass filters on each dimension). The detailed definition of each feature has been described elsewhere (https://pyradiomics.readthedocs.io/en/latest/index.html (accessed on 10 October 2021)). A fixed bin width of 5 was used. The Image Biomarkers Standardization Initiative guideline was followed [7]. Each feature was standardized using z-score normalization to have a mean of 0 and a standard deviation (SD) of 1 [8].



The features to build the prediction models were selected using the training dataset. In the first step, a logistic regression (LR) was used to screen the potential features. Only the features with p < 0.05 were chosen to proceed to the next selection step. In the second step, the least absolute shrinkage and selection operator (LASSO) regression was employed to select the features to construct a prediction model with a five-fold cross validation.




2.6. Statistical Analysis and Machine Learning (ML) Model Building


The differences in patient characteristics between the training and test dataset were compared using Student’s t-test, Pearson chi-square test, and Fisher’s exact test. Four ML classifiers, including LR, random forest (RF), support vector machine (SVM), and neural network (NN), were used to build a model to predict TB status in the training set. We implemented the R package of “neuralnet” (version 1.44.2) which trains NN models using backpropagation, resilient backpropagation, or the globally convergent algorithm based on resilient backpropagation [8,9]. In our neural network model, resilient backpropagation was applied. During classifier training, the hyperparameters were optimized by grid search. Then, the trained ML models were validated on the test dataset. The predicted likelihood was calculated using the area under the receiver-operating characteristic (ROC) curve to measure the ML models’ performance. Moreover, the accuracy, sensitivity, specificity, positive predictive value, and negative predictive value were assessed. All statistical analyses, including ML, were performed using R version 3.2.4 (R Foundation for Statistical Computing, Vienna, Austria). p < 0.05 was considered to indicate a statistically significant difference. The R package of “glmnet,” “caret,” “randomForest,” “kernlab,” and “neuralnet,” were used for analysis. The code implemented in this work is available at http://github.com/RO-KNU/tumorbudding/ (accessed on 25 September 2021).





3. Results


Seventy-four patients were enrolled in this study (Figure S1). The median age of patients at diagnosis was 50 years (range, 28–78). Fifty-four patients (73.0%) had squamous cell carcinoma, fifteen (20.3%) had adenocarcinoma, and five (6.8%) had adenosquamous cell carcinoma. The International Federation of Gynecology and Obstetrics (FIGO) stage was IB1 in 14 patients (18.9%), IB2 in 24 (32.4%) patients, IB3 in 4 patients (5.4%), IIA in 1 patient (1.4%), IIB in 8 patients (10.8%), and IIIC1 in 23 patients (31.1%). The median tumor size was 2.5 cm (range, 0.4–8.0). The median TB count was 4.0 (0–40). The TB status was binarily classified with a cutoff value of 4.



The patients were semi-randomly partitioned into a training set of 48 patients and a test set of 26 patients (Figure S1). The patients from the training set and those from the test set were not significantly different in terms of TB counts (p > 0.999), age (p = 0.400), FIGO stage (p = 0.517), histology (p = 0.580), tumor size (p = 0.417), LVI (p = 0.828), deep stromal invasion (p = 0.903), parametrial invasion (p > 0.999), and lymph node metastasis status (p = 0.760) (Table 1).



In a univariate logistic regression analysis, 29 features were significantly associated with TB status in the training dataset. The selected features from the logistic analysis were subjected to the next feature selection step by LASSO regression (Figure S2). Among them, 20 features were finally selected to build prediction models (Table 2). All of these were extracted from filter-applied images (3 with a Laplacian of Gaussian filter and 17 with a wavelet filter). Seventeen features (85%) were texture-related features.



Table 3 shows the summary of prediction performance to predict TB status by various ML classifiers in the test dataset. The ROC curves are presented in Figure 2. The AUC values of the models by LR, RF, SVM, and NN were 0.742, 0.782, 0.848 and 0.891, respectively, in the test dataset. The accuracy of LR, RF, SVM, and NN were 0.769, 0.731, 0.885 and 0.731, respectively, in the test dataset.




4. Discussion


This study demonstrates that MRI radiomic features could successfully predict TB status in the test dataset. Various ML models with 20 selected radiomic features showed a mean AUC of 0.816 (SD, 0.067) and a mean accuracy of 0.779 (SD, 0.073) in the test dataset. Specifically, AUC values of SVM and NN models were 0.849 (95% CI, 0.740–1.000) and 0.891 (95 CI, 0.768–1.000), respectively. Generally, prediction performance of models with an AUC of 1.0 is perfect, 0.9–0.99 is excellent, 0.8–0.89 is good, 0.7–0.79 is fair, 0.51–0.69 is poor, and 0.5 is no better than when determined by chance [10]. Our SVM and NN models incorporating MRI radiomic features showed good prediction performance in predicting TB status.



Several studies have tried to correlate histopathologic characteristics with radiomic features—in most of which, LVI, one of the well-known adverse prognostic factors, was investigated. In a radiomic nomogram introduced by Li et al. to predict LVI in cervical cancer [11], the authors reported that the prediction model had an AUC, specificity, and sensitivity of 0.727, 0.828, and 0.692, respectively, in the validation dataset. Likewise, a MRI radiomics study by Hua et al. revealed that radiomic features combined with a deep-learning technique in tumors and peritumoral lesions could predict LVI status, with an AUC of 0.775 in the test dataset [12]. However, to the best of our knowledge, no study has investigated the correlation between radiomic features and TB status. This approach to predict histopathologic characteristics using radiomic features is clinically meaningful because histopathologic characteristics can only be confirmed after surgical resection, whereas radiomic features can be determined preoperatively.



It has been noted that TB reflects the epithelial–mesenchymal transition (EMT) process [13,14]. EMT is known as a multistep dynamic process of tumor cell dissociation from the main tumor, where the tumor cells temporarily lose their epithelial characteristics and acquire mesenchymal characteristics instead [15]. Each radiomic feature harbors information regarding the tumor size, shape, or texture. Because texture-related features represent the heterogeneity of the tumor itself among various radiomic feature categories, radiologic and histopathologic characteristics can be complementary (Figure 3). The results in terms of feature selection add weight to this hypothesis. In this study, the final selected features were mostly texture features (85%), suggesting that these might be related to the tumor microenvironment profile, like EMT.



The prognostic relevance of TB status is well-established in colorectal cancers, which prompted the inclusion of this histopathologic characteristic in the recent WHO classification of colorectal cancer. Many studies showed that TB status was significantly associated with disease-specific survival in colorectal cancer [16,17,18,19]. In addition, T stage and lymph node metastasis were shown to be related to TB status in colorectal cancer [20]. Besides its prognostic relevance in colorectal cancer, it has been demonstrated that TB was associated with the prognosis of other cancer types, including esophageal, gastric, pancreatic, breast, and head and neck cancer in meta-analyses [21,22,23,24,25,26]. Our group revealed that integrated TB status could improve survival prediction models in cervical cancer [4]. Moreover, in our recent report, TB status was an independent prognostic factor for recurrence and nodal metastasis [5].



Although patients with early-stage cervical cancer treated with radical hysterectomy generally have a favorable outcome, ~20% of them experience recurrences. Several adverse prognostic factors for recurrence have been identified, such as tumor size, deep stromal invasion, LVI, positive resection margin, lymph node metastasis, and parametrial invasion. Among these factors, positive resection margin, lymph node metastasis and parametrial invasion are classified as high-risk factors, and adjuvant chemoradiotherapy is indicated [27]. Because tumor size, deep stromal invasion, and LVSI modestly increase the risk of recurrence, they are known as intermediate-risk factors [28,29,30]. When these three factors combined, the recurrence risk increased to 15–20%, which was similar to that in patients with high-risk factors. Although the Sedlis criteria has been the most frequently used in stratifying prognostic groups using these three factors, its prediction performance was disappointing [31]. Accordingly, there are efforts underway to find additional biomarkers in patients with intermediate-risk cervical cancer. Thus, radiomics and TB status, individually or comprehensively, are promising as new biomarkers. Preoperative information of TB status may make it possible to personalize treatment, including the extent of surgery and the addition of adjuvant therapy.



The final selected features in our prediction model were mostly texture features, which were derived from filtered images (Table 2). These findings were in contrast with those from the study of Li et al. [11], which showed that first-order statistics and shape features were selected for radiomic nomogram to predict LVI. In contrast, our results agreed with those of Hua et al., wherein the final selected features included three texture features and two first-order features. Note that all selected features in this study were features extracted after filtering. The features extracted from filtered images may reflect tumor characteristics not visible in the original images. The Laplacian of Gaussian filter can both sharpen and smoothen the original images, and it is commonly used for edge detection. A number of studies have reported that the features from Laplacian of Gaussian filters are related to tumor phenotype, gene expression, stage, and clinical outcome [32,33,34,35,36]. Wavelet filters can decompose the original image into low- and high-frequency components, and its incorporation in radiomics has improved prediction performance in other series [37,38]. For example, a combination of wavelet-filtered and unfiltered texture features improved the model performance for predicting pathologic complete remission status after neoadjuvant chemotherapy in a breast cancer study [37]. Taken together, the filtering method is a useful tool to capture the heterogeneity pattern in a spatial pixel distribution, allowing the improvement of its biologic relevance with radiomic features.



Despite the encouraging results, this study has some limitations. First, there may be concealed selection biases due to its retrospective nature. Second, its small number of patients may compromise its statistical reliability. Third, the prediction model was not validated through the external dataset, although an internal validation was performed. Therefore, the results should be cautiously scrutinized before its routine application in clinical practice. Despite these limitations, to the best of our knowledge, here we have the first report on an association between MRI radiomic features and TB status.




5. Conclusions


Preoperative MR-based radiomic features may be associated with TB status in patients with cervical cancer who were treated with radical hysterectomy. Therefore, MRI radiomic features have potential as practical imaging biomarkers predicting prognostic histologic characteristics, such as TB status.








Supplementary Materials


The following are available online at https://www.mdpi.com/article/10.3390/cancers13205140/s1, Figure S1: Flowchart of patient inclusion, Figure S2: Feature selection performed by least absolute shrinkage and selection operator regularization.





Author Contributions


Conceptualization, S.-H.P. and G.O.C.; Methodology, G.O.C., B.K.B. and S.-H.P.; Software, Y.H.L., S.-H.P. and Y.A.; Validation, S.-H.P., G.O.C., S.Y.J., and J.-C.K.; Formal Analysis, N.J.-Y.P., J.Y.P., S.-H.P. and G.O.C.; Investigation, Y.H.L., G.O.C., S.-H.P. and B.K.B.; Resources, G.O.C., S.Y.J., N.J.-Y.P., J.Y.P. and J.-C.K.; Data Curation, S.-H.P. and G.O.C.; Writing—Original Draft Preparation, G.O.C., S.-H.P. and N.J.-Y.P.; Writing—Review and Editing, all authors; Visualization, N.J.-Y.P., S.-H.P. and Y.A.; Supervision, S.-H.P. and H.S.H.; Project Administration, S.-H.P. and Y.A.; Funding Acquisition, S.-H.P. and G.O.C. All authors have read and agreed to the published version of the manuscript.




Funding


This work was supported by the National Research Foundation of Korea (NRF) grant funded by the Korea government (MSIT) (No. 2019R1G1A1089358 and 2020R1G1A1102848).




Institutional Review Board Statement


This study was conducted in accordance with guidelines and approval from the institutional review board of Kyungpook National University Hospital (KNUH 2019-10-022 and 25 November 2019) and Kyungpook National University Chilgok Hospital (KNUCH 2017-06-032 and 25 June 2017).




Informed Consent Statement


The institutional review board provided a waiver of consent due to its retrospective nature.




Data Availability Statement


The datasets generated and/or analyzed during the current study are not publicly available due to the privacy protection policy of personal medical information at our institution, but are available from the corresponding author on reasonable request.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Graham, R.P.; Vierkant, R.A.; Tillmans, L.S.; Wang, A.H.; Laird, P.W.; Weisenberger, D.J.; Lynch, C.F.; French, A.J.; Slager, S.L.; Raissian, Y.; et al. Tumor Budding in Colorectal Carcinoma: Confirmation of Prognostic Significance and Histologic Cutoff in a Population-based Cohort. Am. J. Surg. Pathol. 2015, 39, 1340–1346. [Google Scholar] [CrossRef] [PubMed]

	



Koelzer, V.H.; Zlobec, I.; Lugli, A. Tumor budding in colorectal cancer--ready for diagnostic practice? Hum. Pathol. 2016, 47, 4–19. [Google Scholar] [CrossRef] [PubMed]

	



Karamitopoulou, E.; Gloor, B. Tumour budding is a strong and independent prognostic factor in pancreatic cancer. Reply to comment. Eur. J. Cancer 2013, 49, 2458–2459. [Google Scholar] [CrossRef] [PubMed]

	



Park, J.Y.; Chong, G.O.; Park, J.Y.; Chung, D.; Lee, Y.H.; Lee, H.J.; Hong, D.G.; Han, H.S.; Lee, Y.S. Tumor budding in cervical cancer as a prognostic factor and its possible role as an additional intermediate-risk factor. Gynecol. Oncol. 2020, 159, 157–163. [Google Scholar] [CrossRef] [PubMed]

	



Chong, G.O.; Park, N.J.Y.; Han, H.S.; Cho, J.; Kim, M.G.; Choi, Y.; Yeo, J.Y.; Lee, Y.H.; Hong, D.G.; Park, J.Y. Intratumoral budding: A novel prognostic biomarker for tumor recurrence and a potential predictor of nodal metastasis in uterine cervical cancer. Eur. J. Surg. Oncol. 2021, in press. [Google Scholar] [CrossRef]

	



van Griethuysen, J.J.M.; Fedorov, A.; Parmar, C.; Hosny, A.; Aucoin, N.; Narayan, V.; Beets-Tan, R.G.H.; Fillion-Robin, J.-C.; Pieper, S.; Aerts, H.J.W.L. Computational Radiomics System to Decode the Radiographic Phenotype. Cancer Res. 2017, 77, e104–e107. [Google Scholar] [CrossRef]

	



Zwanenburg, A.; Vallières, M.; Abdalah, M.A.; Aerts, H.; Andrearczyk, V.; Apte, A.; Ashrafinia, S.; Bakas, S.; Beukinga, R.J.; Boellaard, R.; et al. The Image Biomarker Standardization Initiative: Standardized Quantitative Radiomics for High-Throughput Image-based Phenotyping. Radiology 2020, 295, 328–338. [Google Scholar] [CrossRef]

	



Patro, S.; Sahu, K.K. Normalization: A preprocessing stage. arXiv 2015, arXiv:1503.06462. [Google Scholar]

	



Riedmiller, M.; Rprop, I. Rprop-Description and Implementation Details. 1994. Available online: http://www.inf.fu-berlin.de/lehre/WS06/Musterererkennung/Paper/rprop.pdf (accessed on 25 September 2021).

	



Carter, J.V.; Pan, J.; Rai, S.N.; Galandiuk, S. ROC-ing along: Evaluation and interpretation of receiver operating characteristic curves. Surgery 2016, 159, 1638–1645. [Google Scholar] [CrossRef] [PubMed]

	



Li, Z.; Li, H.; Wang, S.; Dong, D.; Yin, F.; Chen, A.; Wang, S.; Zhao, G.; Fang, M.; Tian, J.; et al. MR-Based Radiomics Nomogram of Cervical Cancer in Prediction of the Lymph-Vascular Space Invasion preoperatively. J. Magn. Reson. Imaging 2019, 49, 1420–1426. [Google Scholar] [CrossRef] [PubMed]

	



Hua, W.Q.; Xiao, T.H.; Jiang, X.R.; Liu, Z.Y.; Wang, M.Y.; Zheng, H.R.; Wang, S.S. Lymph-vascular space invasion prediction in cervical cancer: Exploring radiomics and deep learning multilevel features of tumor and peritumor tissue on multiparametric MRI. Biomed. Signal. Process. Control 2020, 58, 101869. [Google Scholar] [CrossRef]

	



Zlobec, I.; Lugli, A. Tumour budding in colorectal cancer: Molecular rationale for clinical translation. Nat. Rev. Cancer 2018, 18, 203–204. [Google Scholar] [CrossRef]

	



Zlobec, I.; Berger, M.D.; Lugli, A. Tumour budding and its clinical implications in gastrointestinal cancers. Br. J. Cancer 2020, 123, 700–708. [Google Scholar] [CrossRef]

	



Lugli, A.; Zlobec, I.; Berger, M.D.; Kirsch, R.; Nagtegaal, I.D. Tumour budding in solid cancers. Nat. Rev. Clin. Oncol. 2021, 18, 101–115. [Google Scholar] [CrossRef]

	



Slik, K.; Blom, S.; Turkki, R.; Valimaki, K.; Kurki, S.; Mustonen, H.; Haglund, C.; Carpen, O.; Kallioniemi, O.; Korkeila, E.; et al. Combined epithelial marker analysis of tumour budding in stage II colorectal cancer. J. Pathol. Clin. Res. 2019, 5, 63–78. [Google Scholar] [CrossRef]

	



Nearchou, I.P.; Kajiwara, Y.; Mochizuki, S.; Harrison, D.J.; Caie, P.D.; Ueno, H. Novel Internationally Verified Method Reports Desmoplastic Reaction as the Most Significant Prognostic Feature For Disease-specific Survival in Stage II Colorectal Cancer. Am. J. Surg. Pathol. 2019, 43, 1239–1248. [Google Scholar] [CrossRef] [PubMed]

	



Lee, V.W.K.; Chan, K.F. Tumor budding and poorly-differentiated cluster in prognostication in Stage II colon cancer. Pathol. Res. Pract. 2018, 214, 402–407. [Google Scholar] [CrossRef]

	



Ueno, H.; Ishiguro, M.; Nakatani, E.; Ishikawa, T.; Uetake, H.; Matsuda, C.; Nakamoto, Y.; Kotake, M.; Kurachi, K.; Egawa, T.; et al. Prospective Multicenter Study on the Prognostic and Predictive Impact of Tumor Budding in Stage II Colon Cancer: Results From the SACURA Trial. J. Clin. Oncol. 2019, 37, 1886–1894. [Google Scholar] [CrossRef]

	



Barel, F.; Cariou, M.; Saliou, P.; Kermarrec, T.; Auffret, A.; Samaison, L.; Bourhis, A.; Badic, B.; Jezequel, J.; Cholet, F.; et al. Histopathological factors help to predict lymph node metastases more efficiently than extra-nodal recurrences in submucosa invading pT1 colorectal cancer. Sci. Rep. 2019, 9, 8342. [Google Scholar] [CrossRef] [PubMed]

	



Bosch, S.L.; Teerenstra, S.; de Wilt, J.H.; Cunningham, C.; Nagtegaal, I.D. Predicting lymph node metastasis in pT1 colorectal cancer: A systematic review of risk factors providing rationale for therapy decisions. Endoscopy 2013, 45, 827–834. [Google Scholar] [CrossRef] [PubMed]

	



Rogers, A.C.; Winter, D.C.; Heeney, A.; Gibbons, D.; Lugli, A.; Puppa, G.; Sheahan, K. Systematic review and meta-analysis of the impact of tumour budding in colorectal cancer. Br. J. Cancer 2016, 115, 831–840. [Google Scholar] [CrossRef]

	



Guo, Y.X.; Zhang, Z.Z.; Zhao, G.; Zhao, E.H. Prognostic and pathological impact of tumor budding in gastric cancer: A systematic review and meta-analysis. World J. Gastrointest. Oncol. 2019, 11, 898–908. [Google Scholar] [CrossRef]

	



Almangush, A.; Pirinen, M.; Heikkinen, I.; Makitie, A.A.; Salo, T.; Leivo, I. Tumour budding in oral squamous cell carcinoma: A meta-analysis. Br. J. Cancer 2018, 118, 577–586. [Google Scholar] [CrossRef]

	



Lawlor, R.T.; Veronese, N.; Nottegar, A.; Malleo, G.; Smith, L.; Demurtas, J.; Cheng, L.; Wood, L.D.; Silvestris, N.; Salvia, R.; et al. Prognostic Role of High-Grade Tumor Budding in Pancreatic Ductal Adenocarcinoma: A Systematic Review and Meta-Analysis with a Focus on Epithelial to Mesenchymal Transition. Cancers 2019, 11, 113. [Google Scholar] [CrossRef] [PubMed]

	



Almangush, A.; Karhunen, M.; Hautaniemi, S.; Salo, T.; Leivo, I. Prognostic value of tumour budding in oesophageal cancer: A meta-analysis. Histopathology 2016, 68, 173–182. [Google Scholar] [CrossRef]

	



Yang, K.; Park, W.; Huh, S.J.; Bae, D.S.; Kim, B.G.; Lee, J.W. Clinical outcomes in patients treated with radiotherapy after surgery for cervical cancer. Radiat. Oncol. J. 2017, 35, 39–47. [Google Scholar] [CrossRef] [PubMed]

	



Delgado, G.; Bundy, B.; Zaino, R.; Sevin, B.U.; Creasman, W.T.; Major, F. Prospective surgical-pathological study of disease-free interval in patients with stage IB squamous cell carcinoma of the cervix: A Gynecologic Oncology Group study. Gynecol. Oncol. 1990, 38, 352–357. [Google Scholar] [CrossRef]

	



Rotman, M.; Sedlis, A.; Piedmonte, M.R.; Bundy, B.; Lentz, S.S.; Muderspach, L.I.; Zaino, R.J. A phase III randomized trial of postoperative pelvic irradiation in Stage IB cervical carcinoma with poor prognostic features: Follow-up of a gynecologic oncology group study. Int. J. Radiat. Oncol. Biol. Phys. 2006, 65, 169–176. [Google Scholar] [CrossRef] [PubMed]

	



Sedlis, A.; Bundy, B.N.; Rotman, M.Z.; Lentz, S.S.; Muderspach, L.I.; Zaino, R.J. A randomized trial of pelvic radiation therapy versus no further therapy in selected patients with stage IB carcinoma of the cervix after radical hysterectomy and pelvic lymphadenectomy: A Gynecologic Oncology Group Study. Gynecol. Oncol. 1999, 73, 177–183. [Google Scholar] [CrossRef] [PubMed]

	



Ryu, S.Y.; Park, S.I.; Nam, B.H.; Cho, C.K.; Kim, K.; Kim, B.J.; Kim, M.H.; Choi, S.C.; Lee, E.D.; Lee, K.H. Is adjuvant chemoradiotherapy overtreatment in cervical cancer patients with intermediate risk factors? Int. J. Radiat. Oncol. Biol. Phys. 2011, 79, 794–799. [Google Scholar] [CrossRef]

	



Li, Y.; Lu, L.; Xiao, M.; Dercle, L.; Huang, Y.; Zhang, Z.; Schwartz, L.H.; Li, D.; Zhao, B. CT Slice Thickness and Convolution Kernel Affect Performance of a Radiomic Model for Predicting EGFR Status in Non-Small Cell Lung Cancer: A Preliminary Study. Sci. Rep. 2018, 8, 17913. [Google Scholar] [CrossRef]

	



Ganeshan, B.; Skogen, K.; Pressney, I.; Coutroubis, D.; Miles, K. Tumour heterogeneity in oesophageal cancer assessed by CT texture analysis: Preliminary evidence of an association with tumour metabolism, stage, and survival. Clin. Radiol. 2012, 67, 157–164. [Google Scholar] [CrossRef] [PubMed]

	



Ng, F.; Kozarski, R.; Ganeshan, B.; Goh, V. Assessment of tumor heterogeneity by CT texture analysis: Can the largest cross-sectional area be used as an alternative to whole tumor analysis? Eur. J. Radiol. 2013, 82, 342–348. [Google Scholar] [CrossRef] [PubMed]

	



Ganeshan, B.; Panayiotou, E.; Burnand, K.; Dizdarevic, S.; Miles, K. Tumour heterogeneity in non-small cell lung carcinoma assessed by CT texture analysis: A potential marker of survival. Eur. Radiol. 2012, 22, 796–802. [Google Scholar] [CrossRef] [PubMed]

	



Ng, F.; Ganeshan, B.; Kozarski, R.; Miles, K.A.; Goh, V. Assessment of primary colorectal cancer heterogeneity by using whole-tumor texture analysis: Contrast-enhanced CT texture as a biomarker of 5-year survival. Radiology 2013, 266, 177–184. [Google Scholar] [CrossRef]

	



Zhou, J.; Lu, J.; Gao, C.; Zeng, J.; Zhou, C.; Lai, X.; Cai, W.; Xu, M. Predicting the response to neoadjuvant chemotherapy for breast cancer: Wavelet transforming radiomics in MRI. BMC Cancer 2020, 20, 100. [Google Scholar] [CrossRef]

	



Banerjee, I.; Malladi, S.; Lee, D.; Depeursinge, A.; Telli, M.; Lipson, J.; Golden, D.; Rubin, D.L. Assessing treatment response in triple-negative breast cancer from quantitative image analysis in perfusion magnetic resonance imaging. J. Med. Imaging (Bellingham) 2018, 5, 011008. [Google Scholar] [CrossRef]








[image: Cancers 13 05140 g001 550] 





Figure 1. Illustration of the overall process of MRI radiomic analysis to predict tumor budding status. 
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Figure 2. Receiver-operating characteristic (ROC) curves of the prediction models constructed by logistic regression (LR), random forest (RF), support vector machine (SVM), and neural network (NN) algorithms using MRI radiomic features in the test dataset. 
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Figure 3. MRI images of two representative cases showing a high tumor budding (TB) count (a) and low TB count (c). Corresponding hematoxylin- and eosin-stained images at 100× original magnification taken from a radical hysterectomy specimen (b,d), respectively. (b) A patient shows a high TB count. (d) A patient shows a low TB count. Corresponding heatmaps showing the radiomic features of those who had a high TB count (e) and low TB count (f). Each row and column represent one patient and one radiomic feature, respectively. 
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Table 1. Clinicopathologic characteristics of the 74 patients.
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Characteristic

	
Training Set (n = 48)

	
Test Set (n = 26)

	
p-Value






	
Age (years)

	
49.1 ± 11.8

	
51.4 ± 10.1

	
0.4




	
FIGO stage (n, %)

	

	

	
0.517 †




	
IB1

	
11 (22.9%)

	
3 (6.3%)




	
IB2

	
12 (25.0%)

	
12 (25.0%)




	
IB3

	
3 (6.3%)

	
1 (2.1%)




	
IIA

	
1 (2.1%)

	
0 (0.0%)




	
IIB

	
5 (10.4%)

	
3 (6.3%)




	
IIIC1

	
16 (33.3%)

	
7 (14.6%)




	
Histology (n, %)

	

	

	
0.580 †




	
Squamous cell carcinoma

	
36 (75.0%)

	
18 (37.5%)




	
Adenocarcinoma

	
8 (16.7%)

	
7 (14.6%)




	
Adenosquamous carcinoma

	
4 (8.3%)

	
1 (2.1%)




	
Tumor size (cm)

	
2.8 ± 1.6

	
2.6 ± 1.0

	
0.417




	
Lymphovascular invasion (n, %)

	
23 (47.9%)

	
11 (22.9%)

	
0.828




	
Deep stromal invasion (n, %)

	
33 (68.8%)

	
19 (39.6%)

	
0.903




	
Parametrial invasion (n, %)

	
12 (25.0%)

	
7 (14.6%)

	
>0.999




	
Lymph node metastasis (n, %)

	
16 (33.3%)

	
7 (14.6%)

	
0.76




	
Intratumor budding

	

	

	
>0.999




	
Intratumor budding counts

	
7.8 ± 9.9

	
7.7 ± 10.3




	
Intratumoral budding (n, %)

	

	




	
>4

	
27 (56.3%)

	
15 (31.3%)




	
≤4

	
21 (43.8%)

	
11 (22.9%)








Data are means ± standard deviations or numbers of patients with percentages in parentheses. Calculated by using the Student’s t test for continuous variables and the chi-square test for categoric variables, unless stated otherwise. † Calculated by using Fisher’s exact test.
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Table 2. Selected radiomic features by univariate logistic regression analysis and LASSO regression in training dataset.






Table 2. Selected radiomic features by univariate logistic regression analysis and LASSO regression in training dataset.





	MR Sequence
	Feature Name





	T1
	log.sigma.1.0.mm.3D_glszm_ZonePercentage

log.sigma.3.0.mm.3D_ngtdm_Contrast

wavelet.LLH_gldm_LargeDependenceEmphasis

wavelet.LHH_firstorder_Skewness

wavelet.HLL_glszm_SizeZoneNonUniformityNormalized

wavelet.HLH_gldm_LargeDependenceHighGrayLevelEmphasis

wavelet.HHL_gldm_DependenceVariance.

wavelet.LLL_glcm_InverseVariance.



	T2
	log.sigma.3.0.mm.3D_ glcm_Imc2

wavelet.LLH_glszm_HighGrayLevelZoneEmphasis

wavelet.LLH_glszm_LowGrayLevelZoneEmphasis

wavelet.LLH_glszm_SmallAreaHighGrayLevelEmphasis

wavelet.LHL_gldm_HighGrayLevelEmphasis

wavelet.LHL_gldm_LowGrayLevelEmphasis

wavelet.LHL_glrlm_HighGrayLevelRunEmphasis

wavelet.LHL_glrlm_LowGrayLevelRunEmphasis

wavelet.LHL_glszm_GrayLevelNonUniformityNormalized

wavelet.LHH_firstorder_Kurtosis

wavelet.HLH_glszm_ZoneEntropy

wavelet.LLL_firstorder_Minimum







LoG, Laplacian of Gaussian filter; gldm, gray level dependence matrix; glszm, gray level size zone matrix; glcm, gray level co-occurrence matrix; glrlm, gray level run length matrix.













[image: Table] 





Table 3. Performance of machine learning classifiers for predicting tumor budding status in test dataset.
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	Classifier
	AUC (95% CI)
	Accuracy (95% CI)
	Sensitivity
	Specificity
	PPV
	NPV





	LR
	0.742

(0.572–0.907)
	0.769

(0.564–0.910)
	0.857
	0.737
	0.546
	0.933



	RF
	0.782

(0.528–0.884)
	0.731

(0.522–0.884)
	0.750
	0.722
	0.546
	0.867



	SVM
	0.849

(0.740–1.000)
	0.885

(0.699–0.976)
	0.900
	0.875
	0.818
	0.933



	NN
	0.891

(0.768–1.000)
	0.731

(0.522–0.884)
	0.667
	0.786
	0.727
	0.733







AUC, area under curve; CI, confidence interval; PPV, positive predictive value; NPV, negative predictive value; LR, logistic regression; RF, random forest; SVM, support vector machine; NN, neural network.
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