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Purpose

The purpose of this study was to evaluate the diagnostic accuracy of artificial intelligence (AI) models with magnetic resonance imaging(MRI) in predicting pathological complete response(pCR) to neoadjuvant chemoradiotherapy (nCRT) in patients with rectal cancer. Furthermore, assessed the methodological quality of the models.



Methods

We searched PubMed, Embase, Cochrane Library, and Web of science for studies published before 21 June 2022, without any language restrictions. The Quality Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) and Radiomics Quality Score (RQS) tools were used to assess the methodological quality of the included studies. We calculated pooled sensitivity and specificity using random-effects models, I2 values were used to measure heterogeneity, and subgroup analyses to explore potential sources of heterogeneity.



Results

We selected 21 papers for inclusion in the meta-analysis from 1562 retrieved publications, with a total of 1873 people in the validation groups. The meta-analysis showed that AI models based on MRI predicted pCR to nCRT in patients with rectal cancer: a pooled area under the curve (AUC) 0.91 (95% CI, 0.88-0.93), sensitivity of 0.82(95% CI,0.71-0.90), pooled specificity 0.86(95% CI,0.80-0.91). In the subgroup analysis, the pooled AUC of the deep learning(DL) model was 0.97, the pooled AUC of the radiomics model was 0.85; the pooled AUC of the combined model with clinical factors was 0.92, and the pooled AUC of the radiomics model alone was 0.87. The mean RQS score of the included studies was 10.95, accounting for 30.4% of the total score.



Conclusions

Radiomics is a promising noninvasive method with high value in predicting pathological response to nCRT in patients with rectal cancer. DL models have higher predictive accuracy than radiomics models, and combined models incorporating clinical factors have higher diagnostic accuracy than radiomics models alone. In the future, prospective, large-scale, multicenter investigations using radiomics approaches will strengthen the diagnostic power of pCR.



Systematic Review Registration

https://www.crd.york.ac.uk/prospero/, identifier CRD42021285630.
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Introduction

More than 700,000 people are diagnosed with rectal cancer each year in the world, 70% of which are locally advanced rectal cancer (LARC) (1). The current standard treatment for LARC is neoadjuvant chemoradiation followed by total mesorectal excision(TME) (2–4). However, individual responses to neoadjuvant chemoradiotherapy (nCRT) are highly heterogeneous, ranging from pathological complete responses(pCR) with no viable cancer cells to small groups of cancer cells or even a small group of patients with tumor progression. Previous studies reported that about 15-27% of patients present pCR after nCRT (5). For those patients, organ preservation methods, such as “wait-and-see” and local excision (6), can achieve a comparable survival rate with pCR as TME, decreasing TME-related morbidity and functional problems (7). However, at present, pathological complete responses can only be confirmed by histopathological examination of surgically resected specimens, so in the personalized medicine of LARC, there is an urgent need to accurately predict pCR in a timely and non-invasive manner before implementing nCRT.

In rectal cancer patients, tumor response to nCRT can be assessed by computed tomography (CT), Positron emission tomography-computed tomography (PET/CT), or rectal ultrasound. However, magnetic resonance imaging (MRI) is the most accurate method to assess and predict pCR after nCRT (8–10). MRI is the imaging modality with the highest soft-tissue contrast. Rectal MRI can accurately evaluate the tumor location, tumor stage, invasion depth, extramural vascular invasion (EMVI), and circumferential resection margin (11). Multiparametric MRI can also reflect the pathophysiological information of rectal cancer, including dynamic contrast-enhanced magnetic resonance imaging (DCE-MRI), diffusion-weighted imaging (DWI), and proton magnetic spectroscopic imaging (12–14). Changes in image morphology and image parameters extracted from contrast-enhanced MRI and DWI can help predict treatment response (15). To that end, mrTRG, a classification system similar to Mandard’s tumor regression grade (TRG) system, has been developed, based on hypointensity in T2-weighted sequences of fibrotic tissue in the lesion (16). However, the low predictive value and poor consistency of mrTRG methods for pathological TRG hinder its clinical application (17).

Artificial intelligence(AI) has been frequently and successfully applied in the field of medical image analysis and can automatically identify complex patterns in imaging. Machine learning(ML) is a branch of AI that has been widely used in rectal cancer, including radiomics and deep learning(DL). Radiomics can transform clinical images into mineable data for quantitative analysis through high-throughput extraction (18). Thus, providing non-visual information related to tumor heterogeneity and underlying pathophysiology. Combining AI algorithms and MRI is a promising tool for improving the prediction of diagnosis or prognosis in patients with rectal cancer. In rectal cancer patients, radiomics has been widely used in rectal cancer staging classification (19), rectal cancer liver metastasis (20), distant metastasis (21), colorectal cancer KRAS gene status (22), MSS status (23), aquaporin-1 expression (24) and predicting the early stage of neoadjuvant chemoradiotherapy progress (25).In recent years, several studies based on radiomics have emerged to predict the pathological response to nCRT in patients with rectal cancer, including traditional machine learning models, deep learning models, and delta models. However, no comprehensive review of current research on artificial intelligence (AI) models for predicting pathological responses to nCRT in rectal cancer patients has been conducted, and the overall effectiveness of this prediction model is unknown. Furthermore, because radiomics research is a complicated process with several phases, it is critical to evaluate the method’s quality to assure reliable and repeatable models before putting it into clinical applications.

The purpose of this systematic review was to describe available research on radiomics predicting pathological response to nCRT, evaluate the overall effectiveness of prediction models, and evaluate the methodological quality and bias risk in radiomics workflows.



Methods

The Standards for the Reporting of Diagnostic Accuracy Studies (STARD) (26) and Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA) (27) guidelines were followed. CRD 42021285630 is the registration number.


Search strategy

We searched from the databases of PubMed, Embase, Cochrane Library, and Web of science, for studies conducted before June 20, 2022. Using the technique of blending topic and free words. The key topic terms were “Rectal Neoplasms”, “Artificial Intelligence”, and “Magnetic Resonance Imaging”, as well as related terms. The search strategy and detailed procedures are demonstrated in Table S1.



Inclusion and exclusion criteria

Studies that matched the following criteria were chosen after duplicate literature was eliminated (1): Pathologically proven locally advanced rectal cancer patients (T3/T4 and/or N1+) (2); All patients received neoadjuvant chemoradiation treatment(traditional long course and trial regimens were included) (3); Use of MRI as the examination modality (if other imaging modalities are used, as long as MRI has been studied separately) (4); Predicting pathological responses in patients using artificial intelligence models (5); Provided the information necessary for the reconstruction of 2 × 2 contingency tables (6); Any study design, including retrospective and prospective observational studies (7); the language of the publication was English.

The following criteria were used to exclude our studies (1): each study had at least 10 patients (2); Case reports, review articles, letters, meeting reports, and editorials (3); Studies that included neoadjuvant chemotherapy only (4); Studies that included neoadjuvant radiotherapy only (5); Classification of patients as responsive and non-responsive, rather than pathological complete and non-pathological complete responses (6); No validated studies. The titles and abstracts of all identified studies were examined first, followed by a full-text review of possibly suitable articles.



Data extraction

The following information was extracted from the eligible articles (1): study characteristics: authors (years of publication), country of corresponding author, study type, and study design (2); participants characteristics: neoadjuvant chemoradiotherapy, operation, standard reference, image examination interval, MRI scan parameters (3); model characteristics: image, region of interest (ROI) segmentation, input data, feature selection, modeling methods, verification methods (4); AI model performance: AUC, sensitivity, specificity, pCR population and non-pCR population.



Assessment of study quality

The Quality Assessment of Diagnostic Accuracy Studies 2 (QUADAS-2) and Radiomics Quality Score (RQS) were used to evaluate the included studies’ methodological quality and study-level risk of bias, respectively. The RQS was proposed by Lambin (28) in 2017 to evaluate radiomics research based on five stages of radiomics research (data selection, medical imaging, feature extraction, exploratory analysis, and modeling). The RQS tool has a total of 16 key items for quantifying the radiomics workflow. Details are in Table S2. The QUADAS-2 standard consists of four parts: patient selection, index test, reference standard, and flow and timing (29), which are detailed in Table S3. To obtain a consensus, two graduate students separately rated the quality and discussed disputes with the evidence-based medicine teacher.



Statistical analysis

We analyzed the raw data with the Midas command in Stata software (30), and we estimated the pooled sensitivity, specificity, positive likelihood ratio (PLR), negative likelihood ratio (NLR), and diagnostic odds ratio (DOR) with 95% CI using a bivariate random-effects model. We created a receiver operating characteristic curve (ROC) with sensitivity on the X-axis and specificity on the Y-axis, as well as the area under the curve (AUC) to demonstrate the diagnostic power of the included research (31).

We used linked forest plots to compare research and discover heterogeneity in confluent sensitivity and specificity (32). We initially visually inspected ROC images and forest plots to examine heterogeneity between study results. The I2 measure was used to assess heterogeneity in studies. I2 values >75% are highly heterogeneous (32). Two-sided P<0.05 was considered statistically significant. We plan to perform subgroup analyses to investigate potential sources of heterogeneity. As possible sources of heterogeneity, we considered modeling methods (radiomics and deep learning), sample size (whether greater than 100), radiomics feature extraction software (PyRadiomics and Others), regions of interest (2D and 3D), validation methods (external validation and internal validation) and inclusion of clinical factors (combined models and separate imaging feature models) were performed in subgroup analyses, which also allowed us to assess the impact of various factors on the model’s diagnostic performance.

We used a funnel plot visual asymmetry evaluation to identify publication bias (33), which we first published using measurements of effect magnitude plotted against measures of study accuracy. We then officially analyzed test accuracy using Deeks’ test and diagnostic odds ratio (DOR).




Results


Literature search

Through searches of PubMed, Embase, Cochrane Library, and Web of Science databases, a total of 1562 articles were retrieved. We browsed the titles and abstracts of 1048 studie, reviewed the full text of 298 studies, and finally reported from 90 articles. The application of AI models in neoadjuvant chemoradiotherapy for rectal cancer was evaluated, and finally, 21 articles were eligible for meta-analysis. The selection process is shown in Figure 1.




Figure 1 | Flow diagram of the study selection process for this meta-analysis.





Characteristics of included studies

The 21 included studies were published between 2018 and 2022. More than half of the studies (11/21) were based on a population from China (34–44), three from South Korea (45–47), three from Italy (48–50), two from the USA (51, 52), one from Brazil (53), and one from Belgium (54). Two studies were prospective, and all the remaining studies (19/21) had a retrospective design. These 21 studies included a total of 6913 patients with sample sizes ranging from 95 to 1033 (median: 186). The definition of pCR was the same among most of the included studies(17/21), four studies not describing the definition of pCR. Long-course radiotherapy dosesrangeg from 41.8-50.6 Gy with different concurrent chemotherapy (Table 2).

Eleven studies used both 1.5T and 3.0T MRI scan types, seven studies only used 3.0T MRI scan, and two studies used 1.5T MRI scan. Most studies (15/29) used two or more sequences to build their predictive models. Five studies used only T2WI sequences to construct the models, and the remaining one used DWI sequences (44). All studies included image slice thicknesses between 2.00mm and 8.0mm.

The most used segmentation software is ITK.SNAP (7/21), followed by 3D Slicer (3/21). Most studies performed manual segmentation (15/21), two studies performed semi-automatic segmentation, and one study performed automatic segmentation (39), The segmentation method was not described in the remaining three studies. Ten studies used two-dimensional(2D) segmentation, nine studies used three-dimensional(3D) segmentation, and the other two studies used an unknown segmentation approach.

The most commonly used image feature extraction software is PyRadiomics (6/21), followed by MATLAB (3/21). The number of radiomic features extracted from the images varied from 34 to 8524. To avoid possible overfitting when developing radiomic models, feature selection and dimensionality reduction must be performed because radiomic features often exceed sample size. Each study used a different approach to feature selection and dimensionality reduction, and some studies performed more than one-dimensionality reduction approach. The most commonly used are Pearson correlation and Least Absolute Shrinkage and Selection Operator (LASSO) regression. Repeatability evaluation of imaging features can also be used for feature selection. The thresholds for robust features were set at 0.6-0.915 in seven studies that performed inter-class correlation coefficient (ICC) analysis. Extracted features were described in 12 studies, of which texture features were found in 11 studies, and the features extracted in 9 studies were unknown.

Five studies used deep learning(DL) methods to build models, and the remaining sixteen studies used ML methods to build models. The most common ML classifier is logistic regression. Nine studies used external validation, eleven studies used randomization validation, and the remaining one used cross-validation (53). Fifteen studies used radiomics features alone to construct models, and six studies constructed comprehensive models that combined clinical factors and radiomics features.

The study characteristics and results are summarized in Table 1 and Table 2.


Table 1 | Summary of general study characteristics.




Table 2 | Summary of artificial intelligence-based prediction model characteristics described in included studies.





RQS and risk of bias assessment

The included studies’ mean RQS score was 10.95, accounting for 30.4% of the overall score. Only one research (37) found the maximum RQS score of 24 (67%). Approximately half of the studies received a score of 10 or above. Because no study took into account the four elements “Phantom study on all scanners”, “Imaging at multiple time points”, “Cut-off analyses”, and “Cost-effectiveness analysis”, they obtained a score of zero. Other factors with poor average scores were “biological correlations,” “Prospective study”, “Potential clinical utility”, and “Open science and data” (Figure 2). A detailed description of the RQS scores is provided in Table S4.




Figure 2 | Methodological quality was evaluated by using the Radiomics Quality Score (RQS) tool. (A). The proportion of studies with a different RQS percentage scores. (B). Average scores of each RQS item (gray bars stand for the full points of each item, and red bars show actual points).



Figure 3 depicts the risk of bias and applicability concerns for twenty-one diagnostic-related studies using QUADAS-2. In each category, the majority of research revealed a low or uncertain risk of bias (Figure S1). In terms of patient selection, eleven studies were deemed to have an uncertain or high risk of bias due to ambiguous methods of participant selection and/or ambiguous detailed exclusion criteria. Concerning the index test, all studies were deemed to have a high or uncertain risk of bias since it was unclear if a threshold was employed or the threshold was not pre-specified. Only one research was deemed to have an unknown risk of bias due to the lack of a description of the reference standard. Concerning the time course, nine studies were deemed to be at high or unclear risk of bias, owing to unclear gaps between indicator tests and reference standards and/or the inability to determine if all subjects got the same reference standards (Supplemental Table S5).




Figure 3 | Grouped bar charts of the risk of bias and applicability concerns of the included studies were assessed by using a revised tool for the Quality Assessment of Diagnostic Accuracy Studies (QUADAS-2).





Meta-analysis

A total of 21 studies were included in the meta-analysis, we only evaluated the validation cohorts of those studies, and radiomics assessed the efficacy of pCR after neoadjuvant chemoradiotherapy in rectal cancer: the pooled sensitivity 0.82(95% CI,0.71-0.90), pooled specificity 0.86(95% CI,0.80- 0.91), pooled PLR 6.0 (95% CI,4.0-8.9), pooled NLR 0.21(95% CI,0.12-0.35)and DOR 29(95% CI,14-61) respectively, and the pooled AUC was 0.91 (95% CI,0.88-0.93).

When we calculated pooled estimates, we discovered significant heterogeneity between studies in terms of sensitivity (I2 = 78.76%) and specificity (I2 = 90.92%). Figure 4 shows the forest plot, and Figure 5 shows the noticeable discrepancy between the 95% confidence and 95% prediction areas from the SROC curve, showing a significant probability of variability between studies.




Figure 4 | Coupled forest plots of pooled sensitivity and specificity of diagnostic performance of predicting pathological complete response to neoadjuvant chemoradiotherapy in rectal cancer. The numbers are pooled estimates with 95% CIs in parentheses; horizontal lines indicate 95% CIs.






Figure 5 | SROC curve of the diagnostic performance of artificial intelligence for the prediction of pathological complete response to neoadjuvant chemoradiotherapy in rectal cancer patients. An obvious difference was detected between the 95% CI and 95% prediction regions, indicating a high possibility of heterogeneity across the studies.





Subgroup analysis

To explore potential sources of study heterogeneity, we performed a subgroup analysis of 21 studies, including six different conditions and twelve subgroups. Radiomics models vary in modeling methods (radiomics and DL), sample size (whether greater than 100), radiomics feature extraction software (PyRadiomics and Others), regions of interest (2D and 3D), and validation methods (external validation and internal validation) and the inclusion of clinical factors (combined models and separate imaging feature models) showed moderate to high diagnostic value in various subgroups. The results are shown in Table 3.


Table 3 | The results of subgroup analysis.





Publication bias

We investigated publication bias for the 21 included papers by first seeing that the funnel plot was symmetric, and then formally assessing it with the Deek test (P=0.20) (Figure 6), demonstrating that there was no publication bias.




Figure 6 | Effective sample size (ESS) funnel plots and the associated regression test of asymmetry, as reported by Deeks et al. A p-value < 0.10 was considered evidence of asymmetry and potential publication bias.






Discussion

This systematic review and meta-analysis explored whether radiomics can be accurate in predicting pathological response to neoadjuvant chemoradiotherapy in patients with rectal cancer, using the QUADAS-2 and RQS tools to assess the quality of included studies. The results showed that the radiomic models had high diagnostic value in predicting pCR, with sensitivity, specificity, and AUC of 0.82(95% CI,0.71-0.90), 0.86(95% CI,0.80- 0.91), and 0.91(95% CI,0.88-0.93), respectively. Confirmation of this information will aid in the development of effective therapeutic regimens for rectal cancer patients. For example, If a patient with rectal cancer shows a pCR after neoadjuvant chemoradiotherapy, TME surgery is not required but waiting and observation.

In several studies, first-order features including skewness, kurtosis, entropy, and energy were found to distinguish pathological complete responses from non-pathological complete responses (34, 35, 37, 51–53). Lower kurtosis was found in pCR patients in one study (53), however, this has not been validated in other studies. Second- and higher-order features also have some predictive power. Texture features are changes in image intensity in an image. Texture Analysis (TA) enables researchers to attempt to quantify heterogeneity within the target tumor site, thereby determining the unobservable with more valuable parameters detected (55, 56). Many scholars (35–37, 41, 42, 48, 50–53) have demonstrated that texture features can predict pathological complete response to nCRT. In general, tumors that ultimately failed to achieve pCR after nCRT exhibited elevated or more image heterogeneity, similar to previous findings in breast and lung cancer (57, 58), which demonstrated higher intratumor heterogeneity in patients with a poorer prognosis, including poorer treatment response. Our review also found that combining radiomics signatures across various radiomics categories was more likely to be accurate in predicting nCRT response. This is similar to the literature review by Horvat et al. (59), who found that studies using advanced predictive models had AUCs ranging from 0.72 to 0.93.

The mean RQS score of the 21 included articles was 10.95 (30.4% of the total score). Four items of the RQS in which all included studies performed zero are “Phantom study on all scanners”, “Imaging at multiple time points”, “Cut-off analyses”, and “Cost-effectiveness analysis”. The purpose of a phantom study is to detect different potential feature differences between scanners and suppliers. Many studies included image data from different MRI types (3.0T, 1.5T), vendors (Siemens, Philips), and different medical centers, and phantom studies are a suitable means to gauge these uncertainties and identify features that rely on the vendor. Imaging at multiple time points is based on organ motion or expansion or contraction of the target volume resulting in changes in radiomics characteristics, using remeasurement data (two or more image data sets of a patient acquired in a short period) to obtain stable radiomics features are necessary, especially for the peristaltic hollow organ of the colorectum, however, considering the usual clinical practice work, it is difficult to do this for retrospective studies. Cut-off analyses identified risk groups by medians, previously published cutoff values, or reporting continuous risk variables. Reduce the risk of models with overly optimistic results. Cost-effectiveness analysis is a health economic consideration that argues that cost-quality-adjusted life-year comparisons should be performed with or without radiomics to more accurately determine the economic potential of such studies. The five items where all studies underperformed were “biological correlates”, “Prospective study”, “Potential clinical utility” and “Open science and data”. Only one study combined pathological factors with radiomic features to build predictive models and discussed their biological relevance. Prospective studies are critical enough to link radiomics data to clinical outcomes in appropriate patient populations, however, only two studies were prospective. Three studies considered current and potential applications of models in clinical settings, using decision curves to show the clinical utility of specific models. The openness of data and code contributes to the reproducibility and replicability of radiomics. Radiomics includes multiple complex processes, each one influenced by a variety of factors, including the use of nonstandard nomenclature, the definition of parameters, and the selection of software. If researchers do not reveal these complexities, reproducibility, and replicability in radiomics are impossible. As a result, it is expected that various practical concerns, such as radiomics model repeatability, imaging protocol standardization, model overfitting, and external validation of prediction models, should be thoroughly addressed before transferring these models into routine clinical use.

The QUADAS-2 quality assessment revealed some problems with the 21 studies included in the systematic review. Some studies did not state whether the patients were included in continuous or random sampling, which may lead to selection bias. All studies were at risk of bias on the index test, and it was unclear whether thresholds were used or not pre-specified, which may have led us to overestimate the diagnostic performance of our models. Nine studies did not indicate the time interval between imaging and pathological evaluation of resected tissue after rectal cancer surgery. Future studies should avoid patient selection bias and clarify the time interval between imaging and pathological evaluation of resected tissue after surgery.

Our study was highly heterogeneous, with the heterogeneity of 78.76% and 90.92% for sensitivity and specificity, respectively. We, therefore, performed subgroup analyses using six key factors to explore sources of heterogeneity. In the subgroup analysis, we compared the diagnostic performance of DL and radiomics models, and the diagnostic performance of the DL subgroup was higher than that of the radiomics model, (AUC: 0.97 > 0.85), which may be because DL is trained in the capabilities of multi-layer deep neural networks (60). Compared with ML feature extraction methods, DL is more computationally intensive and can extract more image features (61). ML models are traditionally trained to perform useful tasks using manually specified features retrieved from raw data or features learned by other simple machine learning models (62). DL allows computers to acquire meaningful representations and characteristics automatically, directly from raw data, avoiding this time-consuming and challenging process (63). DL models are dominated by various versions of artificial neural networks, although there are others. The major trait that DL approaches have in common is their emphasis on feature learning: autonomously learning data representations (64). This is the key distinction between DL and more “traditional” ML methodologies. Discovering features and accomplishing a task are combined into one challenge and so improved concurrently during the training phase. However, there are only five DL studies in this meta-analysis. More DL studies are needed to confirm this conclusion. Another subgroup analysis showed that the combined model with clinical factors and radiomics features was more powerful than the radiomics feature alone. Because of the constraints of univariate prediction, its prediction performance is less outstanding, however, the multivariate prediction model can overcome these restrictions. A multifactorial pCR prediction model was established based on this approach, which is also the path for future study, and additional imaging and non-imaging data need to be retrieved to construct stronger prediction models (28).

Two of the twenty-one studies we included used the delta model, which is a new radiomics approach that has been developed that accounts for feature variations at different acquisition times (65). With this method, it is possible to study the impact of changes in characteristics after a specific step in a patient’s workflow (ie, after specific treatment, time, or biological event). Wan and Nardone et al. (41, 48)used delta models to study changes in radiomics parameters throughout the treatment process and showed that the delta model was a good predictor of patient response. Available data suggest that a delta radiomics approach can also successfully predict tumor behavior in terms of synchronous or metachronous distant metastasis (DM), disease-free and overall survival (66, 67).

Our research has several limitations. First, the heterogeneity of research is obvious. We investigated the causes of heterogeneity using subgroup analyses and discovered that heterogeneity was model-related (DL and radiomics), but because heterogeneity was observed in diagnostic test accuracy reviews features (68), we cannot know the source of all the heterogeneity. Second, because the model was not verified, many large-sample studies were excluded from the meta-analysis. Unvalidated models have low relevance, and validation is an essential aspect of a thorough radiomics study (28). Finally, we only evaluated pCR studies and did not include studies on tumor regression grading (TRG) and T downstaging, it is known that pathologic evaluation of TRG and T downstaging is more subjective than pCR evaluation (69, 70). Precise and objective pathological criteria are lacking for TRG and T downstaging.



Conclusions

In conclusion, our meta-analysis suggests that radiomics is a promising noninvasive approach with a high value for pCR prediction in patients with rectal cancer to neoadjuvant chemoradiotherapy. This has important guiding significance for the individualized treatment of rectal cancer patients in clinical practice. The prediction performance of the DL models for pCR was superior to the radiomics models, and the combined models incorporating clinical factors were superior to the radiomics model alone. Furthermore, more prospective, large-scale, multicenter studies employing radiomics approaches are required in the future to increase pCR preoperative prediction ability.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Author contributions

L-LJ designed, developed, and refined the study protocol with contributions from Q-YZ, J-HT, GH, L-PZ, and J-XZ. L-LJ, Q-YZ, and J-HT developed the search strategy and designed the literature search. L-LJ and J-XZ screened titles and abstracts and undertook the data extraction. L-LJ, GH, L-PZ, and J-XZ interpreted the data for the work; L-LJ, Q-YZ drafted the manuscript. All authors were involved in critically revising the draft. All authors contributed to the article and approved the submitted version.



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.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fonc.2022.1026216/full#supplementary-material



References

1. Sung, H, Ferlay, J, Siegel, RL, Laversanne, M, Soerjomataram, I, Jemal, A, et al. Global cancer statistics 2020: Globocan estimates of incidence and mortality worldwide for 36 cancers in 185 countries. CA: Cancer J Clin (2021) 71(3):209–49. doi: 10.3322/caac.21660

2. Kapiteijn, E, Marijnen, CA, Nagtegaal, ID, Putter, H, Steup, WH, Wiggers, T, et al. Preoperative radiotherapy combined with total mesorectal excision for resectable rectal cancer. N Engl J Med (2001) 345(9):638–46. doi: 10.1056/NEJMoa010580

3. van de Velde, CJ, Boelens, PG, Borras, JM, Coebergh, JW, Cervantes, A, Blomqvist, L, et al. Eurecca colorectal: Multidisciplinary management: European consensus conference colon & rectum. Eur J Cancer (Oxford Engl 1990) (2014) 50(1):1.e–.e34. doi: 10.1016/j.ejca.2013.06.048

4. van Gijn, W, Marijnen, CA, Nagtegaal, ID, Kranenbarg, EM, Putter, H, Wiggers, T, et al. Preoperative radiotherapy combined with total mesorectal excision for resectable rectal cancer: 12-year follow-up of the multicentre, randomised controlled tme trial. Lancet Oncol (2011) 12(6):575–82. doi: 10.1016/s1470-2045(11)70097-3

5. Maas, M, Nelemans, PJ, Valentini, V, Das, P, Rödel, C, Kuo, LJ, et al. Long-term outcome in patients with a pathological complete response after chemoradiation for rectal cancer: A pooled analysis of individual patient data. Lancet Oncol (2010) 11(9):835–44. doi: 10.1016/s1470-2045(10)70172-8

6. Marijnen, CA. Organ preservation in rectal cancer: Have all questions been answered? Lancet Oncol (2015) 16(1):e13–22. doi: 10.1016/s1470-2045(14)70398-5

7. Renehan, AG, Malcomson, L, Emsley, R, Gollins, S, Maw, A, Myint, AS, et al. Watch-and-Wait approach versus surgical resection after chemoradiotherapy for patients with rectal cancer (the oncore project): A propensity-score matched cohort analysis. Lancet Oncol (2016) 17(2):174–83. doi: 10.1016/s1470-2045(15)00467-2

8. Nougaret, S, Vargas, HA, Lakhman, Y, Sudre, R, Do, RK, Bibeau, F, et al. Intravoxel incoherent motion-derived histogram metrics for assessment of response after combined chemotherapy and radiation therapy in rectal cancer: Initial experience and comparison between single-section and volumetric analyses. Radiology (2016) 280(2):446–54. doi: 10.1148/radiol.2016150702

9. Yu, J, Xu, Q, Song, JC, Li, Y, Dai, X, Huang, DY, et al. The value of diffusion kurtosis magnetic resonance imaging for assessing treatment response of neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Eur Radiol (2017) 27(5):1848–57. doi: 10.1007/s00330-016-4529-6

10. Guillem, JG, Ruby, JA, Leibold, T, Akhurst, TJ, Yeung, HW, Gollub, MJ, et al. Neither fdg-pet nor ct can distinguish between a pathological complete response and an incomplete response after neoadjuvant chemoradiation in locally advanced rectal cancer: A prospective study. Ann Surg (2013) 258(2):289–95. doi: 10.1097/SLA.0b013e318277b625

11. Horvat, N, Carlos Tavares Rocha, C, Clemente Oliveira, B, Petkovska, I, and Gollub, MJ. Mri of rectal cancer: Tumor staging, imaging techniques, and management. Radiographics (2019) 39(2):367–87. doi: 10.1148/rg.2019180114

12. Pham, TT, Liney, GP, Wong, K, and Barton, M. Functional mri for quantitative treatment response prediction in locally advanced rectal cancer. Br J Radiol (2017) 90(1072):20151078. doi: 10.1259/bjr.20151078

13. Sun, H, Xu, Y, Xu, Q, Shi, K, and Wang, WJM. Rectal cancer: Short-term reproducibility of intravoxel incoherent motion parameters in 3.0 T magnetic resonance imaging. Medicine (2017) 96(19):e6866. doi: 10.1097/MD.0000000000006866

14. Herold, A, Wassipaul, C, Weber, M, Lindenlaub, F, Rasul, S, Stift, A, et al. Added value of quantitative, multiparametric 18f-fdg Pet/Mri in the locoregional staging of rectal cancer. (2022), 21 1–13. doi: 10.1007/s00259-022-05936-0

15. Petrillo, A, Fusco, R, Granata, V, Filice, S, Sansone, M, Rega, D, et al. Assessing response to neo-adjuvant therapy in locally advanced rectal cancer using intra-voxel incoherent motion modelling by dwi data and standardized index of shape from dce-mri. Ther Adv Med Oncol (2018) 10:1758835918809875. doi: 10.1177/1758835918809875

16. Patel, UB, Taylor, F, Blomqvist, L, George, C, Evans, H, Tekkis, P, et al. Magnetic resonance imaging-detected tumor response for locally advanced rectal cancer predicts survival outcomes: Mercury experience. J Clin Oncol Off J Am Soc Clin Oncol (2011) 29(28):3753–60. doi: 10.1200/jco.2011.34.9068

17. Sclafani, F, Brown, G, Cunningham, D, Wotherspoon, A, Mendes, LST, Balyasnikova, S, et al. Comparison between mri and pathology in the assessment of tumour regression grade in rectal cancer. Br J Cancer (2017) 117(10):1478–85. doi: 10.1038/bjc.2017.320

18. Gillies, RJ, Kinahan, PE, and Hricak, H. Radiomics: Images are more than pictures, they are data. Radiology (2016) 278(2):563–77. doi: 10.1148/radiol.2015151169

19. Lin, X, Zhao, S, Jiang, H, Jia, F, Wang, G, He, B, et al. A radiomics-based nomogram for preoperative T staging prediction of rectal cancer. Abdominal Radiol (New York) (2021) 46(10):4525–35. doi: 10.1007/s00261-021-03137-1

20. Devoto, L, Ganeshan, B, Keller, D, Groves, A, Endozo, R, Arulampalam, T, et al. Using texture analysis in the development of a potential radiomic signature for early identification of hepatic metastasis in colorectal cancer. Eur J Radiol Open (2022) 9:100415. doi: 10.1016/j.ejro.2022.100415

21. Liu, Z, Meng, X, Zhang, H, Li, Z, Liu, J, Sun, K, et al. Predicting distant metastasis and chemotherapy benefit in locally advanced rectal cancer. Nat Commun (2020) 11(1):4308. doi: 10.1038/s41467-020-18162-9

22. 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

23. Li, Z, Dai, H, Liu, Y, Pan, F, Yang, Y, and Zhang, M. Radiomics analysis of multi-sequence Mr images for predicting microsatellite instability status preoperatively in rectal cancer. Front Oncol (2021) 11:697497. doi: 10.3389/fonc.2021.697497

24. Chen, Y, Li, B, Jiang, Z, Li, H, Dang, Y, Tang, C, et al. Multi-parameter diffusion and perfusion magnetic resonance imaging and radiomics nomogram for preoperative evaluation of aquaporin-1 expression in rectal cancer. Abdominal Radiol (New York) (2022) 47(4):1276–90. doi: 10.1007/s00261-021-03397-x

25. Nardone, V, Reginelli, A, Scala, F, Carbone, SF, Mazzei, MA, Sebaste, L, et al. Magnetic-Resonance-Imaging texture analysis predicts early progression in rectal cancer patients undergoing neoadjuvant chemoradiation. Gastroenterol Res Pract (2019) 2019:8505798. doi: 10.1155/2019/8505798

26. Bossuyt, PM, Reitsma, JB, Bruns, DE, Gatsonis, CA, Glasziou, PP, Irwig, L, et al. Stard 2015: An updated list of essential items for reporting diagnostic accuracy studies. Bmj (2015) 351:h5527. doi: 10.1136/bmj.h5527

27. McInnes, MDF, Moher, D, Thombs, BD, McGrath, TA, Bossuyt, PM, Clifford, T, et al. Preferred reporting items for a systematic review and meta-analysis of diagnostic test accuracy studies: The prisma-dta statement. Jama (2018) 319(4):388–96. doi: 10.1001/jama.2017.19163

28. Lambin, P, Leijenaar, RTH, Deist, TM, Peerlings, J, de Jong, EEC, van Timmeren, J, et al. Radiomics: The bridge between medical imaging and personalized medicine. Nat Rev Clin Oncol (2017) 14(12):749–62. doi: 10.1038/nrclinonc.2017.141

29. Whiting, PF, Rutjes, AW, Westwood, ME, Mallett, S, Deeks, JJ, Reitsma, JB, et al. Quadas-2: A revised tool for the quality assessment of diagnostic accuracy studies. Ann Intern Med (2011) 155(8):529–36. doi: 10.7326/0003-4819-155-8-201110180-00009

30. Egger, M, Higgins, JP, and Smith, GD. Systematic reviews in health research: Meta-analysis in context. John Wiley & Sons (2022). Available at: https://sc.panda321.com/extdomains/books.google.com/books?hl=zh-CN&lr=&id=SHxvEAAAQBAJ&oi=fnd&pg=PA1&dq=Egger+M,+Higgins+JP,+Smith+GD.+Systematic+reviews+in+health+research:+Meta%3Fanalysis+in+context.+John+Wiley+%26+Sons+(2022).&ots=DsDWE-A-tb&sig=Oy_vQgBleaL2hi__VbPj1xn5pf4

31. Moses, LE, Shapiro, D, and Littenberg, B. Combining independent studies of a diagnostic test into a summary roc curve: Data-analytic approaches and some additional considerations. Stat Med (1993) 12(14):1293–316. doi: 10.1002/sim.4780121403

32. Higgins, JP, Thompson, SG, Deeks, JJ, and Altman, DG. Measuring inconsistency in meta-analyses. Bmj (2003) 327(7414):557–60. doi: 10.1136/bmj.327.7414.557

33. Deeks, JJ, Macaskill, P, and Irwig, L. The performance of tests of publication bias and other sample size effects in systematic reviews of diagnostic test accuracy was assessed. J Clin Epidemiol (2005) 58(9):882–93. doi: 10.1016/j.jclinepi.2005.01.016

34. Boldrini, L, Lenkowicz, J, Orlandini, LC, Yin, G, Cusumano, D, Chiloiro, G, et al. Applicability of a pathological complete response magnetic resonance-based radiomics model for locally advanced rectal cancer in intercontinental cohort. Radiat Oncol (London England) (2022) 17(1):78. doi: 10.1186/s13014-022-02048-9

35. Cheng, Y, Luo, Y, Hu, Y, Zhang, Z, Wang, X, Yu, Q, et al. Multiparametric mri-based radiomics approaches on predicting response to neoadjuvant chemoradiotherapy (Ncrt) in patients with rectal cancer. Abdominal Radiol (New York) (2021) 46(11):5072–85. doi: 10.1007/s00261-021-03219-0

36. Cui, Y, Yang, X, Shi, Z, Yang, Z, Du, X, Zhao, Z, et al. Radiomics analysis of multiparametric mri for prediction of pathological complete response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Eur Radiol (2019) 29(3):1211–20. doi: 10.1007/s00330-018-5683-9

37. Feng, L, Liu, Z, Li, C, Li, Z, Lou, X, Shao, L, et al. Development and validation of a radiopathomics model to predict pathological complete response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer: A multicentre observational study. Lancet Digital Health (2022) 4(1):e8–e17. doi: 10.1016/s2589-7500(21)00215-6

38. Jin, C, Yu, H, Ke, J, Ding, P, Yi, Y, Jiang, X, et al. Predicting treatment response from longitudinal images using multi-task deep learning. Nat Commun (2021) 12(1):1851. doi: 10.1038/s41467-021-22188-y

39. Pang, X, Wang, F, Zhang, Q, Li, Y, Huang, R, Yin, X, et al. A pipeline for predicting the treatment response of neoadjuvant chemoradiotherapy for locally advanced rectal cancer using single mri modality: Combining deep segmentation network and radiomics analysis based on "Suspicious region". Front Oncol (2021) 11:711747. doi: 10.3389/fonc.2021.711747

40. Wan, L, Zhang, C, Zhao, Q, Meng, Y, Zou, S, Yang, Y, et al. Developing a prediction model based on mri for pathological complete response after neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Abdominal Radiol (New York) (2019) 44(9):2978–87. doi: 10.1007/s00261-019-02129-6

41. Wan, L, Peng, W, Zou, S, Ye, F, Geng, Y, Ouyang, H, et al. Mri-based delta-radiomics are predictive of pathological complete response after neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Acad Radiol (2021) 28 Suppl 1:S95–s104. doi: 10.1016/j.acra.2020.10.026

42. Yi, X, Pei, Q, Zhang, Y, Zhu, H, Wang, Z, Chen, C, et al. Mri-based radiomics predicts tumor response to neoadjuvant chemoradiotherapy in locally advanced rectal cancer. Front Oncol (2019) 9:552. doi: 10.3389/fonc.2019.00552

43. Zhang, XY, Wang, L, Zhu, HT, Li, ZW, Ye, M, Li, XT, et al. Predicting rectal cancer response to neoadjuvant chemoradiotherapy using deep learning of diffusion kurtosis mri. Radiology (2020) 296(1):56–64. doi: 10.1148/radiol.2020190936

44. Zhu, HT, Zhang, XY, Shi, YJ, Li, XT, and Sun, YS. The conversion of mri data with multiple b-values into signature-like pictures to predict treatment response for rectal cancer. J Magnetic Resonance Imaging JMRI (2022) 56(2):562–9. doi: 10.1002/jmri.28033

45. Jang, BS, Lim, YJ, Song, C, Jeon, SH, Lee, KW, Kang, SB, et al. Image-based deep learning model for predicting pathological response in rectal cancer using post-chemoradiotherapy magnetic resonance imaging. Radiotherapy Oncol J Eur Soc Ther Radiol Oncol (2021) 161:183–90. doi: 10.1016/j.radonc.2021.06.019

46. Lee, S, Lim, J, Shin, J, Kim, S, and Hwang, HJAS. Pathologic complete response prediction after neoadjuvant chemoradiation therapy for rectal cancer using radiomics and deep embedding network of mri. Appl.Sci (2021) 11(20):9494. doi: 10.3390/app11209494

47. Shin, J, Seo, N, Baek, SE, Son, NH, Lim, JS, Kim, NK, et al. Mri radiomics model predicts pathologic complete response of rectal cancer following chemoradiotherapy. Radiology (2022) 303(2):351–8. doi: 10.1148/radiol.211986

48. Nardone, V, Reginelli, A, Grassi, R, Vacca, G, Giacobbe, G, Angrisani, A, et al. Ability of delta radiomics to predict a complete pathological response in patients with loco-regional rectal cancer addressed to neoadjuvant chemo-radiation and surgery. Cancers (2022) 14(12):3004 doi: 10.3390/cancers14123004

49. Rengo, M, Landolfi, F, Picchia, S, Bellini, D, Losquadro, C, Badia, S, et al. Rectal cancer response to neoadjuvant chemoradiotherapy evaluated with mri: Development and validation of a classification algorithm. Eur J Radiol (2022) 147:110146. doi: 10.1016/j.ejrad.2021.110146

50. Shaish, H, Aukerman, A, Vanguri, R, Spinelli, A, Armenta, P, Jambawalikar, S, et al. Radiomics of mri for pretreatment prediction of pathologic complete response, tumor regression grade, and neoadjuvant rectal score in patients with locally advanced rectal cancer undergoing neoadjuvant chemoradiation: An international multicenter study. Eur Radiol (2020) 30(11):6263–73. doi: 10.1007/s00330-020-06968-6

51. Antunes, JT, Ofshteyn, A, Bera, K, Wang, EY, Brady, JT, Willis, JE, et al. Radiomic features of primary rectal cancers on baseline T(2) -weighted mri are associated with pathologic complete response to neoadjuvant chemoradiation: A multisite study. J Magnetic Resonance Imaging JMRI (2020) 52(5):1531–41. doi: 10.1002/jmri.27140

52. Horvat, N, Veeraraghavan, H, Nahas, CSR, Bates, DDB, Ferreira, FR, Zheng, J, et al. Combined artificial intelligence and radiologist model for predicting rectal cancer treatment response from magnetic resonance imaging: An external validation study. Abdominal Radiol (New York) (2022) 47(8):2770–82. doi: 10.1007/s00261-022-03572-8

53. Horvat, N, Veeraraghavan, H, Khan, M, Blazic, I, Zheng, J, Capanu, M, et al. Mr Imaging of rectal cancer: Radiomics analysis to assess treatment response after neoadjuvant therapy. Radiology (2018) 287(3):833–43. doi: 10.1148/radiol.2018172300

54. Bulens, P, Couwenberg, A, Intven, M, Debucquoy, A, Vandecaveye, V, Van Cutsem, E, et al. Predicting the tumor response to chemoradiotherapy for rectal cancer: Model development and external validation using mri radiomics. Radiother Oncol (2020) 142:246–52. doi: 10.1016/j.radonc.2019.07.033

55. Davnall, F, Yip, CS, Ljungqvist, G, Selmi, M, Ng, F, Sanghera, B, et al. Assessment of tumor heterogeneity: An emerging imaging tool for clinical practice? Insights Imaging (2012) 3(6):573–89. doi: 10.1007/s13244-012-0196-6

56. Scapicchio, C, Gabelloni, M, Barucci, A, Cioni, D, Saba, L, and Neri, E. A deep look into radiomics. Radiol Med (2021) 126(10):1296–311. doi: 10.1007/s11547-021-01389-x

57. Braman, NM, Etesami, M, Prasanna, P, Dubchuk, C, Gilmore, H, Tiwari, P, et al. Intratumoral and peritumoral radiomics for the pretreatment prediction of pathological complete response to neoadjuvant chemotherapy based on breast dce-mri. Breast Cancer Res BCR (2017) 19(1):57. doi: 10.1186/s13058-017-0846-1

58. Coroller, TP, Agrawal, V, Narayan, V, Hou, Y, Grossmann, P, Lee, SW, et al. Radiomic phenotype features predict pathological response in non-small cell lung cancer. Radiotherapy Oncol J Eur Soc Ther Radiol Oncol (2016) 119(3):480–6. doi: 10.1016/j.radonc.2016.04.004

59. Horvat, N, Bates, DDB, and Petkovska, I. Novel imaging techniques of rectal cancer: What do radiomics and radiogenomics have to offer? a literature review. Abdominal Radiol (New York) (2019) 44(11):3764–74. doi: 10.1007/s00261-019-02042-y

60. Guo, Y, Liu, Y, Oerlemans, A, Lao, S, Wu, S, and Lew, MSJN. Deep learning for visual understanding: A review. Leiden University Scholarly Publications (2016) 187:27–48. doi: 10.1016/j.neucom.2015.09.116

61. Janiesch, C, Zschech, P, and Heinrich, KJEM. Machine learning and deep learning. Electronic Markets (2021) 31(3):685–95. doi: 10.1007/s12525-021-00475-2

62. Avanzo, M, Wei, L, Stancanello, J, Vallières, M, Rao, A, Morin, O, et al. Machine and deep learning methods for radiomics. Med Phys (2020) 47(5):e185–202. doi: 10.1002/mp.13678

63. Bibault, JE, Giraud, P, Housset, M, Durdux, C, Taieb, J, Berger, A, et al. Deep learning and radiomics predict complete response after neo-adjuvant chemoradiation for locally advanced rectal cancer. Sci Rep (2018) 8(1):12611. doi: 10.1038/s41598-018-30657-6

64. Parekh, VS, and Jacobs, MA. Deep learning and radiomics in precision medicine. Expert Rev Precis Med Drug Dev (2019) 4(2):59–72. doi: 10.1080/23808993.2019.1585805

65. Nardone, V, Reginelli, A, Grassi, R, Boldrini, L, Vacca, G, D'Ippolito, E, et al. Delta radiomics: A systematic review. La Radiologia Med (2021) 126(12):1571–83. doi: 10.1007/s11547-021-01436-7

66. Davey, MS, Davey, MG, Ryan, ÉJ, Hogan, AM, Kerin, MJ, and Joyce, MJCD. The use of radiomic analysis of magnetic resonance imaging in predicting distant metastases of rectal carcinoma following surgical resection: A systematic review and meta-analysis. Colorectal Dis (2021) 23(12):3065–72. doi: 10.1111/codi.15919

67. Jeon, SH, Song, C, Chie, EK, Kim, B, Kim, YH, Chang, W, et al. Delta-radiomics signature predicts treatment outcomes after preoperative chemoradiotherapy and surgery in rectal cancer. Radiat Oncol (2019) 14(1):1–10. doi: 10.1186/s13014-019-1246-8

68. Reitsma, JB, Glas, AS, Rutjes, AW, Scholten, RJ, Bossuyt, PM, and Zwinderman, AH. Bivariate analysis of sensitivity and specificity produces informative summary measures in diagnostic reviews. J Clin Epidemiol (2005) 58(10):982–90. doi: 10.1016/j.jclinepi.2005.02.022

69. Smith, FM, Wiland, H, Mace, A, Pai, RK, and Kalady, MF. Clinical criteria underestimate complete pathological response in rectal cancer treated with neoadjuvant chemoradiotherapy. Dis Colon Rectum (2014) 57(3):311–5. doi: 10.1097/DCR.0b013e3182a84eba

70. NK, S, Serra, S, Dhani, N, Hafezi-Bakhtiari, S, Szentgyorgyi, E, Vajpeyi, R, et al. Regression grading in neoadjuvant treated pancreatic cancer: An interobserver study. J Clin Pathol (2017) 70(3):237–43. doi: 10.1136/jclinpath-2016-203947



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.

Copyright © 2022 Jia, Zheng, Tian, He, Zhao, Zhao and Huang. 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.


OEBPS/Images/fonc-12-1026216-g005.jpg
Sensitivity

1.0

©
o

0.0

SROC W|th Predlctlon & Confidence Contours

Observed Data

Summary Operating Point
SENS = 0.82[0.71 - 0.90]
SPEC = 086[080 0.91]
SROC

AUC = 0 91 [083 0.93]

95% Confidence Contour

+  95% Prediction Contour

1.0 0.5

Specificity

0.0





OEBPS/Images/fonc.2022.1026216_cover.jpg
, frontiers ‘ Frontiers in Nephrology

Artificial intelligence with
magnetic resonance imaging for
prediction of pathological
complete response to
neoadjuvant chemoradiotherapy
in rectal cancer: A systematic
review and meta-analysis





OEBPS/Text/toc.xhtml


  

    Table of Contents



    

		Cover



      		

        Artificial intelligence with magnetic resonance imaging for prediction of pathological complete response to neoadjuvant chemoradiotherapy in rectal cancer: A systematic review and meta-analysis

      

        		

          Purpose

        



        		

          Methods

        



        		

          Results

        



        		

          Conclusions

        



        		

          Systematic Review Registration

        



        		

          Introduction

        



        		

          Methods

        

          		

            Search strategy

          



          		

            Inclusion and exclusion criteria

          



          		

            Data extraction

          



          		

            Assessment of study quality

          



          		

            Statistical analysis

          



        



        



        		

          Results

        

          		

            Literature search

          



          		

            Characteristics of included studies

          



          		

            RQS and risk of bias assessment

          



          		

            Meta-analysis

          



          		

            Subgroup analysis

          



          		

            Publication bias

          



        



        



        		

          Discussion

        



        		

          Conclusions

        



        		

          Data availability statement

        



        		

          Author contributions

        



        		

          Conflict of interest

        



        		

          Supplementary material

        



        		

          References

        



      



      



    



  



OEBPS/Images/crossmark.jpg
©

2

i

|





OEBPS/Images/fonc-12-1026216-g001.jpg
Records identified through database

searching (n=1562) Additional records identified

PubMed (n = 441) t(hroBgI; other sources
Embase (n=491) n=

Cochrane Library (n = 19)
through Web of Science (611)

Records after duplicates
removed(n=1048)

Records in title/abstract screen
n=1048

750Records excluded(did not meet

eligibility criteria in titles and
abstracts)

full-text articles assessed
for eligibility(n=298)

Full-text articles excluded, with
reasons(n=208)

Not radiomics (n = 54)

Not MRI sequence(n=18)

Not chemotherapy-related(n=40)
Related to liver metastases (n=9)
Conference
abstracts/editorial(n=87)

Studies included in
qualitative
synthesis(n=90 No validation groups (n=26)
Insufficient data for 2 x 2
table(n=22)
— : — Predicted response instead of
Studies included in quantitative pCR(n=14)
synthesis((mgtf)-analysis) Include CT images(n=7)
n=






OEBPS/Images/table2.jpg
Study

Antunes
2021

Boldrini
2022

Bulens
2021

Cheng
2021

Cui 2019
Feng 2022

Horvat
2018

Horvat
2022

jang 2021
Jin 2021

Lee 2021

Nardone
2022

Pang 2021

Rengo
2022

Shaish
2020

Shin 2022
Wan 2019

Wan 2020

Yi 2019

Zhang
2020

Zhu 2022

VOI
software

3D Slicer

Not.
reported

Not
reported

ITKSNAP

ITKSNAP

ITKSNAP

ITKSNAP

ITKSNAP

Not
applicable

Not
reported

3D Slicer

Not
reported
U-Net

Not
reported

3D slicer

3D Slicer

Not
applicable

Radcloud

MaZda
ITKSNAP

ITKSNAP

Segmentation

Manual
Manual
Manual
Manual
Manual
Manual
Manual
Manual
Not applicable
Not applicable

Semi-automatic

‘Manual
Automatic
Not reported

Manual

Semi-automatic

Manual

Manual

Manual

Manual

Manual

ROI

2D

2D

2D

3D

2D

2D

2D

3D

3D

3D

3D

2D

Not
reported

3D

3D

Not
applicable

2D

2D
2D

3D

Feature extraction
software

MATLAB

MODDICOM

Not reported

Pyradiomics

AK

Pyradiomics

MATLAB

Not reported

MATLAB

Not reported

Pyradiomics

LifeX.

PyRadiomics

WEKA

Pyradiomics

PyRadiomics
ble

Not app

Radcloud

MaZda
Python

Python

Imaging features

Textural features
Skewness, Entropy
Not reported
First-order, shape-based, texture features

Histogram parameters, texture features,
factor features

Texture Features, First-order Features,
Wavelets Features

Texture Features

Texture features, Haralick textures, Gabor
edges

Not applicable
Not applicable

Features on the tumor shape,voxel
intensity histogram, texture of tumor
areas

Texture Features
Not applicable
Not reported

First-order statistics, 3D shape-based,
gray-level cooccurrence matrix, gray-level
run length matrix, gray-level size zone
matrix, neighboring gray-tone difference
matrix, gray-level dependence matrix

Not reported
Not applicable

Shape characteristic, first-order statistical
characteristics, texture features, high.
order statistical characteristics

Texture features

Not applicable

Not applicable

No. of extraced
feature

764

Not reported

8524

5901

1188

2106

34

91

Not applicable

Not applicable

3740

Not reported

Not applicable

Not reported

3190

132
Not applicable

1049

340
Not applicable

Not applicable

ICC evaluation
(threshold)

No
No
No
Yes (0.8)
Yes(0.701 -0915)
Yes (0.6)
No
Yes (0.75)
Not applicable
Not applicable

No

Yes (0.75)
Yes (0.8)

No

Yes (0.75)
No

No

Algorithm architecture

RF
Linear regression logistic
LASSO regression
Logistic regression
LASSO regression
SVM
RF
RE
DL
3D RP-Net

LR, xgboost, lightgbm,RF,
MLP, Ensemble

Logistic regression
TsraU-Net
SVM,RF,J48, Naive bayes,KNN

Logistic regression

Not reported

Lasso logistic regression

Logistic regression

RF, SVM
DL

CNN

Validation

External
validation

External
validation

External
validation

Split sample

Split sample

External
validation

FivefoldCV

External
validation

Split sample

External
validation

Split sample

External
validation

External
validation

External
validation

Split sample

Split sample
Split sample

Split sample

Split sample
Split sample

Split sample

CNN, Convolutional Neural Networks; C, cross validation; DL, Deep learning; ICC, Intra-/inter-class Correlation Coefficient; KNN, K-Nearest Neighbor; LASSO, Least Absolute Shrinkage and Selection Operator; LR, Logistic regression; MLP, multi-layer
perceptron; ROI, Region Of Interes; RF, Random Forest; SVM, Support Vector Machine; 2D, Two-Dimensional; 3D, Three-Dimensional; VOI, Volume of Interest.





OEBPS/Images/fonc-12-1026216-g003.jpg
Proportion of studies with low,high or unclear risk of bias,%

Flow and timing
Reference standard

Index test

Applicability Concerns

Patient selection

Proportion of studies with low,high or unclear risk of bias,%

Reference standard

Index test

Risk of Bias

Patient selection

0% 20% 40% 60% 80% 100%

HlLow MHigh mUnclear





OEBPS/Images/table3.jpg
Subgroup Number of
study

Modeling methods

Radiomic 16

algorithm

Deep learning 5

Sample size

<100 15

>100 6

Radiomic software

PyRadiomics 6
others 11
Segmentation

2D 10
3D 9
Validation

External validation 9
Split sample 11
Models

Radiomics model 15
Combined model 6

Sensitivity
(95% CI)
0.77(0.71,0.81)
0.79(0.71,0.85)
0.80(0.72,0.86)

0.76(0.71,0.81)

0.76(0.70,0.82)
0.80(0.73,0.86)

0.79(0.71,0.87)
0.76(0.70,0.81)

0.77(0.68,0.84)
0.77(0.72,0.82)

0.73(0.68,0.78)
0.89(0.81,0.94)

" (%)

61.9
89.5
70.6

82.9

519
78.0

75.5
79.7

722
78.6

75.6
37.8

Specificity

0.74(0.71,0.76)

0.94(0.91,0.96)

0.85(0.81,0.87)
0.77(0.74,0.80)

0.69(0.66,0.73)
0.88(0.85,0.90)

0.84(0.80,0.87)
0.78(0.75,0.80)

0.83(0.79,0.86)
0.78(0.76,0.81)

0.79(0.77,0.82)
0.82(0.78,0.86)

T (%)

82.1
0.0
77.6

95.4

79.6
843

81.7
93.2

84.6
92.1

91.1
789

PLR

3.47(2.66,4.54)

11.66
(7.98,17.02)

4.82(3.30,7.05)
4.59(2.54,8.30)

292(2.07,4.12)
5.91(3.40,10.27)

5.11(3.16,8.28)
4.45(2.72,7.26)

4.36(2.55,7.47)
5.03(3.19,7.93)

4.66(3.12,6.97)
5.06(2.88,8.91)

" (%)

68.5
0.0
64.2

92.6

74.4
80.4

71.1
89.1

74.5
87.6

82.5
795

AUC, Area Under Curve; NLR, negative likelihood ratio; PLR, positive likelihood ratio; 2D, Two-Dimensional; 3D, Three-Dimensional.

NLR

0.34(0.24,0.48)

0.22(0.06,0.86)

0.27(0.15,0.49)
0.29(0.16,0.54)

0.37(0.26,0.53)
0.20(0.08,0.48)

0.26(0.12,0.56)
0.31(0.18,0.54)

0.33(0.18,0.62)
0.26(0.15,0.46)

0.36(0.25,0.54)
0.18(0.09,0.34)

I (%)

70.7
89.1

30.3
84.5

78.4
83.6

78.0
80.9

75.3
35.4

AUC

0.8538

0.9724

0.9009
0.8771

0.8146
0.9227

0.9030
0.8829

0.8775
0.9025

0.8749
0.9187





OEBPS/Images/logo.jpg
& frontiers | Frontiers in Oncology





OEBPS/Images/fonc-12-1026216-g002.jpg
O R, N W & U1 OO N

A

RQS score(%)

110%-20%

H20%-30%

H 30%-40%

W 60%-70%

Score
M Total

M Average






OEBPS/Images/fonc-12-1026216-g006.jpg
1/root(ESS)

.05

Deeks' Funnel Plot Asymmetry Test
pvalue = 0.20

Diagnostic Odds Ratio

1000

Study

Regression
Line






OEBPS/Images/table1.jpg
Study Country

Antunes
2021

Boldrini
2022

Bulens
2021

Cheng
2021

Cui 2019

Lee 2021

Nardone
2022

Pang
2021

Rengo
2022

Shaish.
2020

Shin
2022

Wan
2019

Wan
2020

Yi 2019

Zhang
2020
Zhu
2022

ADC, apparent diffusion coefficient; AUC, Area Under Curve; CE-TIWI, contrastenhanced T1 weighted imaging; DKI, diffusional kurtosis imaging; DWI, Diffusion weighted imagi

fluorouracik pCR, pathological complete response; TIWL, T2-weighted fat-suppression; USA, United States of America.

USA

China

Belgium

China

Brazil

UsA

Korea

China

Korea

Tly

China

Ttaly

Italy

Korea

China

China

China

China

China

Study
type

Retrospective

Retrospective

Retrospective

Retrospect

Retrospective

Prospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospective

Retrospect

Retrospective

Retrospec

Retrospective

Prospective

Retrospective

No. of
patients

104

220

125

193
186

1033

114
164
466

62

912
100
275

95

132
898
120
165
134
383

an

MRI field
intensity

15T,
30T

15T,
30T

30T

30T
30T

15T,
30T

15T,
30T

15T,
30T

15T,
30T

15T,
30T
15T,
30T
15T

15T

15T,
30T

Not reported
15T,
30T
30T
30T
15T,
30T

30T

30T

1-weighted imaging; T2WI, T2 Weighted Image;

Sequences Slice
thickness

T2w1 3.0-8.00mm

T2WI Not reported

T2WI, DWI 3.0-5.0mm

TIW,T2WLT2ES  3.0mm,4.0mm

T2WL CE- 3.0mm,50mm
TIWLADC

T2WI, CE- 2.0-60mm
TIWI, DWI
T2WI, DWI 3.0mm

T2WLDWI  3.0mm,50mm

TIW,T2WI 3.0mm

TIWL CE- 3.0mm,50mm
TIWL, T2WI,
DWI
T2W1, CE- 3.0mm
TIWL, DWI

T2WL ADC,  Not reported

DWI

T2W1 5.0mm
T2WI 3.0mm,4.0mm
T2W1 3.0-8.0mm

T2WL ADC,  Not reported

DWI
TIW,T2WI 3.0mm-
50mm
T2WLTIWI, 3.0mm-
DWI 50mm
TIWL CE- Not reported
TIWL T2WI

T2WLTIWLDKI  Not reported

DWI 40mm

Image acqui-
sition time
Before nCRT

Before nCRT

Before nCRT

Before nCRT
Before nCRT

Before nCRT

Before nCRT
Before nCRT
Before nCRT

Before and after
nCRT

Before nCRT
Before nCRT
Before nCRT

Before nCRT

Before nCRT
Before and after
nCRT
Before nCRT
Before nCRT
Before nCRT
Before and after

nCRT
Before nCRT

Radiotherapy Chemotherapy Regimen  Stand Definition of pCR

Dose Reference
(Cumulative)
45-50.4 Gy Capecitabine (825 to Surgical 0% viable tumor cells
850 mg/m?/ day) pathology remaining after nCRT
45Gy Oral capecitabine 1650 mg/ ~ Surgical  Absence of tumour disease
m2* die (d1-7, q7); 5- pathology specimen

fluorouracil 225 mg/m2 * die
(d1-7, q7) or CapOx 60 mg/m2

of iv oxaliplatin (d1, q7) plus
oral capecitabine

1300 mg/m2 * die (d1-7, q7)

45 Gy-50 Gy Infusion of 5-Fluorouracil Surgical ypTOINO
225 mg/m?/d), capecitabin pathology

825 mg/m? bid

450-504 Gy mEOLFOX6, CapeOX Surgical No tumor regression
pathology
50 Gy Capecitabine(800mg/m?/ day) ~ Surgical No viable tumour cells
pathology
50 Gy/45Gy 5-fluorouracil based regimen  Surgical  No remaining viable cancer
combined with or without  pathology cells
oxaliplatin
Not reported Not reported Surgical YPTONO
pathology
Not reported Not reported Surgical Not reported
pathology
504 Gy Concurrent fluoropyrimidine  Surgical Not reported
pathology
Not reported Not reported Surgical No viable tumor cells
pathology remaining
Not reported Not reported Surgical Not reported
pathology
45Gy Capecitabine(825 mg/m*/ day)  Surgical No viable cancer cells
pathology
145Gy Oral or intravenous 5- Surgical  No surviving tumor cells
fluorouracil pathology
45 Gy Oxaliplatin (2-hour infusion Surgical No viable cancer cells

50 mg/m2), 5-FU 200 mg/m2/  pathology
die, desamethasone (8 mg) and
ondansetron (8 mg)

5Gy Capecitabine, 5- Surgical Not reported
flourouracil, FOLFOX pathology
Not reported Not reported Surgical  No surviving tumor cells
pathology
50 Gy Capecitabine(1650 mg/m2) Surgical  Absence of residual tumor
pathology cells
45504 Gy Capecitabine(825 mg/m?/ day),  Surgical  Absence of viable tumor
oxaliplatin(130 mg/m2) pathology cells
46-50Gy Capecitabine(825 mg/m2/ day)  Surgical No viable tumor cells
pathology present
Not reported  Capecitabine(825 mg/m2/ day)  Surgical No viable tumor cells
pathology present
418506 Gy Capecitabine(825 mg/m2/ day)  Surgical Absence of any
pathology residual cancer cells

AUC

0.86

0912

0.966

0812

093

083

076

0.97

0837

092

0815

0833

0.80

0.82

0.84

091

0.908

0.99

0.924

5 nCRT, neoadjuvant chemoradiotherapy; mFOLFOXS, oxaliplatin +





OEBPS/Images/fonc-12-1026216-g004.jpg
Stooyid

Zres 2022

Znarg 2020

Yi 2019

Wian 2020

Wian 2019

Srin 2022

Shaish 2020

RerQo 2022

Jin 2021

Jarg 2021

Hocvst 2022

Hoeek 2018

Forg 2022

OJ 2019

Crorg 2021

Bdora 2021

Baolarni 2022

Arkarts 2021

SENSITMITY

SENSITIVITY (25% CI)

0.24[0.70-093]
1.00[0.21-1.00]
052048 - 0.98]
1.00 (063 - 1.00]
03821048.053]
0.76 [0.65 - 0.55]
0.75[0.19-0.99
0.29[0.52 - 1.00]
0.50[0.12-0.23]
1.00 [0.5¢ - 1.00]
0.72[0£0-021]
0.91[0.72.097
0.300.12-0.54]
0.50 [0.16 - 0.84]
1.00 [0.40 - 1.00)
057 [0.66-0.97]
1.00 [0.66 - 1.00]
1.00 [0.72 - 1.00]
031[0.09-051]
0.70[0.35.0.93]

0.7010.35-0.93]

0.8200.71-050]

Q=217 *=2000.p=

R=7276[70.14 -27.39)

Stuyis

Zrea 2022

Zrarg 2020

Yi 2019

Wian 2020

Vian 2019

8rin 2022

RerQo 2022

Parg 2021

Narcone 2022

Loo 2021

Jin 2021

Jarg 2021

Hocvat 2022

Hoovar 2018

Cui 2019

Crorg 2021

Bdors 2021

Bolodni 2022

Arkarcs 2021

0.00

SPECIFICITY

SPECIFICITY (95% CI)

093 [0.£3-0298]
0.97 1091 - 1.00]
0.90[0.73.05€]
0.781062.029
0.76 10.55-091]
0710e5-0MM
0.7310.50-089
1.00 1024 - 1.00
0.9310.76-0.99
067 [046.023]
0£01053.066)
09210285.095)
0.550.89.099
09310581.099
0291067 -099
0.741063.023
0259 10.76 -0.96)
021[0£9-091]
0.53 (087 - 1.00]
063043.0MT

0.711053.0285]

085020 -091]

Q=22038, =*=2000,p= 000

R2=2092[E303.9322]





