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Background

Preoperative chemoradiotherapy (CRT) is a standard treatment for locally advanced rectal cancer (LARC). However, individual responses to preoperative CRT vary from patient to patient. The aim of this study is to develop a scoring system for the response of preoperative CRT in LARC using blood features derived from machine learning.



Methods

Patients who underwent total mesorectal excision after preoperative CRT were included in this study. The performance of machine learning models using blood features before CRT (pre-CRT) and from 1 to 2 weeks after CRT (early-CRT) was evaluated. Based on the best model, important features were selected. The scoring system was developed from the selected model and features. The performance of the new scoring system was compared with those of systemic inflammatory indicators: neutrophil-to-lymphocyte ratio, platelet-to-lymphocyte ratio, lymphocyte-to-monocyte ratio, and the prognostic nutritional index.



Results

The models using early-CRT blood features had better performances than those using pre-CRT blood features. Based on the ridge regression model, which showed the best performance among the machine learning models (AUROC 0.6322 and AUPRC 0.5965), a novel scoring system for the response of preoperative CRT, named Response Prediction Score (RPS), was developed. The RPS system showed higher predictive power (AUROC 0.6747) than single blood features and systemic inflammatory indicators and stratified the tumor regression grade and overall downstaging clearly.



Conclusion

We discovered that we can more accurately predict CRT response by using early-treatment blood data. With larger data, we can develop a more accurate and reliable indicator that can be used in real daily practices. In the future, we urge the collection of early-treatment blood data and pre-treatment blood data.
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1 Introduction

Rectal cancer represents approximately one-third of all colorectal cancer with the third highest incidence (1). A considerable proportion (about 30–40%) of rectal cancer is locally advanced rectal cancer (LARC) (2, 3). Local recurrence rates of rectal cancer are relatively higher than those of colon cancer. To reduce local recurrence in rectal cancer, radiotherapy has been performed in locally advanced rectal cancer (LARC). In particular, patients treated with preoperative radiotherapy have fewer local recurrences than those treated with postoperative radiotherapy (4). Currently, preoperative radiotherapy or chemoradiotherapy (CRT) is accepted as a standard of care for rectal cancer (5). For identification of LARC, the pretreatment staging is evaluated using computed tomography of the abdomen and pelvis, rectal magnetic resonance imaging, and/or transrectal ultrasound. As a neoadjuvant treatment of LARC, long-course CRT is given as concurrent fluoropyrimidine-based chemotherapy combined with radiotherapy over 5.5 to 6 weeks. Total mesorectal excision is performed commonly 6 to 8 weeks after the completion of long-course CRT. The response to CRT is assessed by pathologic examination after surgery. However, individual response to CRT is variable across patients. Although about 10–20% of patients have a pathologic complete response, up to 30% of patients have no response to CRT (6, 7).

According to the response to CRT, tailored treatments can be applied. In patients with complete response, “wait and watch” or local excision can be one of the treatment options. In non-responders, an ineffective treatment could be avoided. For these patients, other therapeutic approaches, such as surgery, intensified radiotherapy, or systemic chemotherapy, can be applied after stopping CRT. In this fashion, prediction of response can be used for the stratification of patients with LARC. No robust predictive markers or models for response to CRT have been identified at present. Routinely tested pre-treatment blood indicators have recently attracted attention as new predictive indicators. Systemic inflammatory and nutritional indicators, namely, neutrophil-to-lymphocyte ratio (NLR), platelet-to-lymphocyte ratio (PLR), lymphocyte-to-monocyte ratio (LMR), and the prognostic nutritional index (PNI), have the potential to predict the response to CRT (8, 9). These indicators were made using pre-treatment blood features. Futhermore, blood features at the early phase during treatment may give more information on the response of CRT than those before treatment (10). Early-treatment predictive indicators can help clinicians to decide whether to continue CRT or not. However, few studies have investigated the predictive value of early-treatment blood features.

In this study, we verified the hypothesis that blood features at the early phase during treatment include more significant information, by evaluating the predictive value of pre-treatment and early-treatment blood features for the response of preoperative CRT in LARC. We compared a total of 30 machine learning models by the combination of six types of machine learning models and five combinations of feature sets. Moreover, we developed a novel scoring system, named Response Prediction Score (RPS) using the feature importance of the best model among the 30 models. The study design is described in Figure 1. The RPS system outperformed both pre-treatment and early-treatment indicators using single blood features and systemic inflammatory and nutritional indicators. In daily clinical practice, the RPS system can be used to assist the clinician’s decision to “continue or stop” at the early phase during CRT. To extend our findings, we urge the collection of early-treatment blood data and pre-treatment blood data to develop a more accurate and reliable indicator that can be used in real daily practices in the future.




Figure 1 | Overview of the entire study. The best model is selected by evaluating possible machine learning models with N repeats, and a novel scoring system with significant predictive power and simplicity is designed using the N best models. The order of important features is determined based on generalized feature importance (βk), and significance of score candidates are compared to find the optimal number of important features (Ko).





2 Materials and Methods


2.1 Materials


2.1.1 Dataset

Patients who underwent total mesorectal excision with preoperative CRT for LARC in the Seoul National University Hospital from July 2002 to June 2019 were eligible for this study. All patients had histologically confirmed adenocarcinoma of the rectum, which was located below 15 cm from the anal verge. Approximately 272 patients, who had the results of blood tests before or during CRT, were included in this study. The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the institutional review board of the Seoul National University Hospital (No. 1606-037-768). Patient consent was waived because of the retrospective nature of the study.



2.1.2 Treatment

The median dose of total radiotherapy was 50.4 Gy, delivered as 1.8 Gy per fraction, with 45 Gy in 25 fractions to the large field of the pelvis followed by 5.4 Gy in 3–6 fractions to the reduced field of the primary lesion, threatened tumor margin, and enlarged lateral lymph nodes. For concurrent chemotherapy with radiotherapy, 5-fluorouracil or capecitabine was administered. Following CRT, patients underwent total mesorectal excision 5 to 12 weeks after CRT.



2.1.3 Evaluation

Before CRT, history taking, physical examination and distal rectal examination were done. Colonoscopic biopsy, blood tests, and computed tomography of the abdomino-pelvis and chest were performed. Rectal magnetic resonance imaging was performed in most patients. To assess pathologic responses of CRT, postoperative specimens were examined by pathologists. All pathologic specimens were examined by experienced gastrointestinal pathologists. The pathologic responses were categorized into four tiers using the American Joint Committee on Cancer (AJCC) tumor regression grade (TRG) system (11). The TRG system was defined as follows: TRG 0 was defined as no viable cancer cells (complete response); TRG 1 was defined as single or small groups of tumor cells (moderate response); TRG 2 was defined as residual cancer outgrown by fibrosis (minimal response); and TRG 3 was defined as minimal or no tumor cells killed (poor response). A good responder was defined as a patient with TRG 0 and 1, and a poor responder was defined as a patient with TRG 2 and 3.



2.1.4 Blood Measurements

The following blood features were obtained for each patient before CRT (pre-CRT): complete blood counts with differentiation (red blood cell count [RBC], hemoglobin [HB], hematocrit [Hct], mean red cell volume [MCV], mean red cell hemoglobin [MCH], mean red blood cell hemoglobin content [MCHC], red blood cell distribution width [RDW], platelet [PLT], plateletcrit [PCT], mean platelet volume [MPV], platelet distribution width [PDW], white blood cell [WBC], neutrophil, lymphocyte, monocyte, eosinophil and basophil count), blood chemistry tests (calcium, phosphorus, glucose, uric acid, cholesterol, total protein, albumin, total bilirubin, aspartate transaminase [AST], alanine aminotransferase [ALT], alkaline phosphatase, creatinine), and carcinoembryonic antigen (CEA) level. Complete blood counts with differentiation were measured from 1 to 2 weeks after CRT (early-CRT). Laboratory index values that had previously been reported in association with systemic inflammation and nutrition were calculated: NLR (neutrophil count/lymphocyte count), PLR (platelet count/lymphocyte count), LMR (lymphocyte count/monocyte count) and PNI (10 × serum albumin (g/dL) + 0.005 × total lymphocyte count (/mm3) (12–15).




2.2 Machine Learning Model


2.2.1 Data Splitting Algorithm

In machine learning approaches, cross-validation by data splitting is necessary in order to construct a stable and confident model and avoid overfitting. Random selection-based data splitting has the advantage of simplicity. However, due to the small sample size of the biomedical data, heterogeneity between the training and testing datasets can be induced by improper splitting, which can become a fatal weakness in modeling. To avoid this splitting bias, the Kennard Stone (KS) algorithm (16, 17) limits most sources of variations within the dataset into training models, ensuring that the training model better represents the entire data. After data standardization, the KS algorithm selects the sample with the maximum distance from all other samples, then repeats the process of selecting the next sample as far away as possible from the selected sample until the selected number of samples is reached. This way leads the selected samples to cover the entire sample space uniformly without selection bias, and the selected samples will be used for the training dataset and the others will be used for the testing dataset. However, the KS algorithm has a limitation of having a small degree of randomness, and a developed method with more randomness was introduced, which is called the Morais–Lima–Martin (MLM) algorithm (18). The MLM algorithm applies a random-mutation factor to the KS results, where some samples from the training set are transferred to the testing set, and some samples from the testing set are transferred to the training set. The introduced mutation rate was set at 10%.



2.2.2 Model Design

After splitting the data by the MLM algorithm into 70% training set, 15% tuning set, and 15% validation set, we proceeded with modeling using five different feature sets, namely, tumor-related clinical only (distant from anal verge, CEA, and tumor grade), clinical only, clinical plus pre-CRT, clinical plus early-CRT, and clinical plus pre-CRT and early-CRT, with six machine learning models: logistic regression, ridge regression, lasso regression (linear models), gradient boosting, random forest (tree-based ensemble models), and a two-layer neural network (neural network model), for the response of preoperative CRT prediction. In other words, a total of 30 types of predictive models were learned and compared with their performances on the validation set. During learning, each model determined optimal hyperparameter values that led to the best performance on the tuning set within the hyperparameter search space (Supplementary Table 3). For a generalization, we repeated N times data splitting, model learning, and evaluation.



2.2.3 Feature Selection

Through our preliminary experiment, we found that the prediction performance of using entire available features was poor. Therefore, all the models except the lasso model had a feature selection step first. Significant features were selected by a certain P-value threshold from a Mann–Whitney U test and a Chi-squared test on the training set, and the model was trained with these features. In our experiment, we selected P-value <0.1. The two-layer neural network does not apply feature selection step because it involves the ability of feature extraction instead of selection.




2.3 Feature Importance and New Scoring System

Different feature importance from N models can be obtained from repetition. We were able to find generalized feature importance (βk) through averaging feature importance from the N best models (Equation 1). By statistical testing, we first found the top Ko most important features, and then defined a simple and powerful scoring system, called the Response Prediction Score (RPS), which is used for predicting preoperative CRT response. With this, we checked if the same feature of 1,000 models exhibits a consistent sign of the coefficient. To evaluate RPS, we compared RPS with single blood features and inflammatory-nutritional indicators; NLR, PLR, LMR, and PNI.



where βk denotes generalized feature importance, and K denotes the number of all features.

To evaluate the versatility of RPS, prediction of the probability for tumor downstaging was investigated. Overall downstaging, T-downstaging, and N-downstaging were examined for tumor downstaging. Overall downstaging was defined as ypT0-2N0M0 from pathologic examination after surgery. T-downstaging was defined as the lowering of T classification from clinical T classification to pathologic T classification. N-downstaging was defined as the lowering of N classification from clinical N classification to pathologic N classification.



2.4 Performance Metric

A receiver operating characteristic (ROC) curve is widely used for evaluating prediction models. It plots the True Positive Rate (TPR) against the False Positive Rate (FPR). The AUROC stands for the area under the ROC curve. A Precision-Recall curve (PRC) is another evaluation method. It plots precision against recall. The AUPRC denotes the area under the PR curve. TPF, FPR, Precision, and Recall are defined as follows:







where TP, FP, TN, and FN are the number of true positives, false positives, true negatives, and false negatives, respectively. These evaluation metrics allow us to compare the prediction models more formally and precisely.



2.5 Statistical Test

A Chi-squared test was used for categorical variables and a Mann–Whitney U test was used for continuous variables. A two-sided P-value of <0.05 was considered statistically significant. Analyses were performed using Python (version 3.7.3, Python Software Foundation, Beaverton, USA).




3 Results


3.1 Model Performance

During machine learning model training, label-balance of the dataset was almost equally balanced: training set 82.5 (43.4%)/107.5 (56.6%) tuning set 19.1 (46.6%)/21.9 (53.4%), and validation set 19.4 (47.3%)/21.6 (52.7%) (the average number of responders/non-responders of 1,000 repeats). The mean and standard deviation of the results from repeating a total of 30 models 1,000 times were obtained (Table 1). For tumor-related clinical only and clinical only feature sets, all features were removed in the training step while feature selection was used in most iterations during the 1,000 repeats. Therefore, we did not apply the feature selection method in this experiment. First, compared to the models using five different types of feature sets, the result for tumor-related clinical only and clinical only feature sets showed poor AUROC and AUPRC performance close to 0.5. The models with early-CRT showed better performance than the models with pre-CRT or pre-CRT plus early-CRT in all types of models. The models with pre-CRT showed a performance close to random prediction, given that their AUROCs and AUPRCs showed values close to 0.5, which shows features in the pre-CRT set have little important information in solving tasks. Therefore, the performance of the models with pre-CRT plus early-CRT was also lower than that of early-CRT only.


Table 1 | Performance comparison of a total of 18 models for 1,000 repeats.



Next, the comparison between model types showed that the ridge regression models with early-CRT and pre-CRT plus early-CRT showed the highest performance (ridge model with early-CRT: AUROC 0.6322 and AUPRC 0.5965, ridge model with pre-CRT plus early-CRT: AUROC 0.6151 and AUPRC 0.5757). Their sensitivity and specificity, where an optimal cut-point value was applied, are summarized in Supplementary Table 4. Moreover, the ridge regression models were also lower in standard deviation than other models, showing more stability to learn and predict. For the cases of using pre-CRT, all the models showed poor prediction performances. One more notable thing is that the linear model with l2 regularization showed better performance for the prediction task than the non-linear models such as tree-based ensemble or neural network. In our experiments, the best model was the ridge regression model with early-CRT. The statistics of selected features in the 1,000 best models are described in Supplementary Table 5. Early-CRT PLT, early-CRT monocyte count, early-CRT PCT, early-CRT WBC count, and early-CRT neutrophil count are the top 5 frequently selected features with more than 90%.



3.2 RPS System

From the generalized coefficients which are calculated by an average coefficient of the 1,000 ridge regression models with early-CRT, we newly defined a scoring system for the response of preoperative CRT. The more features used in the scoring system configuration, the more significant it becomes, but the more complex it is to calculate. Namely, there exists a trade-off between simplicity and predictive power. Therefore, to find the optimal number of features for a powerful and simple scoring system, we added the features in the most important order and saw a difference in the significance between the score and the ground truth label’s group (Figure 2). With regards to a sign of importance, features with higher absolute values were considered as more important information. As a result, the scoring system by the combination of features with the top five highest absolute values of importance was highly significant (P-value = 3.692e−07) and a reasonably simple equation in the order of early-CRT Monocyte count, Distance from anal verge, early-CRT PLT, early-CRT Neutrophil count, and early-CRT Eosinophil count (Equation 5) was formed. In addition, the five features used in RPS exhibited consistent signs of coefficient throughout the 1,000 models (Figure 3).






Figure 2 | A plot of P-values for testing the difference between the scoring system and the ground truth label’s group by adding the blood features to the system in the most important order.






Figure 3 | The feature coefficients of the five most important blood features in the ridge regression models using early-CRT for 1,000 repeats.



To verify the predictive ability of the RPS system, we compared single blood features and systemic inflammatory and nutritional indicators for whole samples. Among the features in early-CRT, early-CRT PLT, early-CRT PCT, early-CRT WBC count, early-CRT neutrophil count, early-CRT monocyte count, and early-CRT monocyte count were shown to be significant with P-value less than 0.005 (Supplementary Tables 1 and 2). Pre-CRT NLR, pre-CRT PLR, pre-CRT LMR, and pre-CRT PNI were obtained in pre-CRT, and available indicators early-CRT NLR, early-CRT PLR, and early-CRT LMR in early-CRT were also obtained except early-CRT PNI. Figure 4 shows ROC curves and AUROCs of all indicators and our RPS system for the response prediction. For pre-CRT LMR and early-CRT LMR, they had the result of -pre-CRT LMR and -early-CRT LMR because of the minus correlation with the label. Among single blood features, early-CRT PLT showed the best performance with AUROC of 0.6065, and PLR showed the best performance with AUROC of 0.5699 among systematic inflammatory and nutritional markers. However, RPS showed the best predictive marker with a much higher performance AUROC of 0.6747.




Figure 4 | ROC curves of significant single blood features and systemic inflammatory and nutritional indicators of pre- or early-CRT and the RPS system for binary prediction for the true label. A value in parentheses means AUROC.



The patients were grouped into four RPS groups according to the quartile. The distribution of outcomes for CRT in each group is shown in Figure 5. The first quartile, median, and third quartile, which are 0.5007, 0.6152, and 0.7347 respectively, were used as thresholds. For TRG, patients who were involved in a higher quantile group of RPS were likely to have lower rates of response for radiotherapy (Figure 5A). For overall downstaging, patients who were involved in a higher quantile group of RPS showed a lower frequency of downstaging (Figure 5B). The rates of T-downstaging increased in a higher quantile group of RPS. However, this trend was not shown in N-downstaging (Figures 5C, D).




Figure 5 | Stratification of outcomes for CRT by quartile grouping using the RPS system. (A) Tumor regression grade (TRG), (B) overall downstaging, (C) T-downstaging, and (D) N-downstaging.






4 Discussion


4.1 The Utility of Early-Treatment Blood Features for CRT Response Prediction

This study demonstrated that early-CRT blood features had better predictive value than pre-CRT or pre-CRT plus early-CRT in LARC. During CRT, immune cell composition of blood changes in rectal cancer (10). At the initial two weeks of CRT, white blood cell, neutrophil, lymphocyte, and monocyte counts decrease. These changes may reflect the response of CRT. Pre-treatment immune cell compositions were not associated with the response of CRT (10). However, total leukocyte, neutrophil, and monocyte counts at two weeks after initiating CRT were related to the response of CRT. In contrast, lymphocyte counts before CRT and two weeks after CRT were not different according to the response of CRT. Like these results, early-CRT immune cell compositions were associated with the response of CRT in this study (Supplementary Table 2). Pre-CRT immune cell compositions were not related to the response of CRT (Supplementary Tables 1 and 2) These results suggest that blood features during CRT can more reflect the reaction to CRT than pre-treatment blood features.

The RPS system using early-CRT blood features can be used for the prediction of preoperative CRT response in LARC. The components of the RPS system were monocyte, platelet, neutrophil, and eosinophil counts and distance from the anal verge. In other studies, these components were suggested as predictors for the response of CRT. Monocyte and neutrophil count two weeks after CRT were lower in patients with a pathologic complete response than in those without a pathologic complete response (10). Neutrophils promote tumor resistance to radiotherapy (19). Elevated platelet count before CRT was related to poor response for CRT (20–22). Platelets can affect the response of CRT by contributing to the protection of tumor cells from immune cells, stimulation of angiogenesis, and extravasation of tumor cells (23, 24). Tumors located above 5 cm from the anal verge were associated with higher rates of a complete pathological response (25). The susceptibility to CRT in high rectal cancer might be higher than that in low rectal cancer by different tumor biology.

The RPS system has the utility of an assisting role in practice. It can be used to assist the clinician’s decision to “continue or stop” at the early phase during CRT. For patients whose condition seems not to improve at 1 or 2 weeks of CRT and if their RPS is high, it may help determine “stop” for clinicians. Likewise, for patients whose condition seems to improve at 1 or 2 weeks of CRT and if their RPS is low, it may support clinicians’ decision to “continue”.



4.2 The Performance of Other Blood Features

Several systemic inflammatory and nutritional indicators were investigated to predict the response to CRT in rectal cancer. The results of these indicators were conflicted. First, NLR was a significant predictor of complete pathological response in multivariate analysis (8). However, NLR did not correlate with a good response in other studies. Low NLR was related to an increased likelihood of a complete pathological response only in clinical stage III (26). Second, PLR during CRT and change of PLR during CRT were significant predictors for complete pathological response (27). However, PLR did not distinguish complete regression from the residual disease in a study with 984 patients (28). In addition, NLR and PLR were not predictive of pathologic complete response in a large study including 1,527 patients (29). Third, a higher LMR was associated with good response (30). However, LMR was not an independent predictor for the response. In a previous study with 984 patients, LMR was not related with total regression (28). Lastly, pre-treatment PNI was significantly correlated with response to CRT (9, 30). In other studies, PNI did not give information of prediction for chemo- or radiotherapy (31). These discrepancies imply that these indicators may be unstable for the prediction of the response for CRT. In the present study, the performance of the RPS system was better than those of NLR, PLR, LMR, and PNI.

CEA is a broadly used tumor marker for survival prediction and post-treatment follow-up in colorectal cancer. CEA has been suggested as a predictive marker for response of chemoradiotherapy in rectal cancer. Several studies reported that elevated pre-CRT CEA level was associated with poor response to CRT (32, 33). Low post-CRT CEA level was suggested as a predictor of pathologic complete response. Although CEA can be utilized as a single measurement for prediction of response, CEA was not included as a component of the RPS system in this study.



4.3 Understanding the Result of the Machine Learning Approach

According to our experimental results, the linear model with l2 regularization showed better performance for the prediction task than the non-linear models such as tree-based ensemble or neural network. The AUROCs of the training set of the non-linear models, especially tree-based models, were very high. This was due to the models being highly overfitted even though the constraints were applied through the hyperparameter space to prevent overfitting. Therefore, we believe the linear model is more eligible as a predictor and we decided to construct the scoring system through the ridge model that shows the best performance with the most reasonable performance.

Most models trained on pre- plus early-CRT had the tendency to be overfitted, despite hyperparameter optimization. It causes performance differences with the models with early-CRT. This seems to be due to the presence of pre-CRT. Given that the performances were extremely low when only pre-CRT was trained alone, pre-CRT does not seem to contain important information in terms of CRT response prediction. Thus, the parameter space of pre- plus early-CRT is rather unnecessarily wider than that of early-CRT alone. Therefore, it makes the optimization problem more difficult.



4.4 Strengths and Limitations

Most of the previous studies have only analyzed pre-treatment blood features, but we collected both pre-treatment and early-treatment data and analyzed them together. The experiments showed that early-treatment blood features contain more important information. Furthermore, whereas the previous studies have shown significance for a single feature or the significance of existing indicators, we proposed an RPS system by applying a machine learning approach to increase the prediction performance as much as possible by considering multiple variables. The machine learning approach can prevent model overfitting through data splitting as well.

Another advantage of the RPS system is the stratification of outcomes for CRT, TRG, overall downstaging, and T-downstaging. The stratification of N-downstaging was not achieved using the RPS system. The reason of these results may be that the RPS system was derived from the response of the main tumor, not the response of lymph nodes. In patients with low RPS, the tumor is likely to downstage and respond effectively to CRT. These results suggest that the RPS system can be useful in application of daily practice.

However, our study has a few limitations. First, the number of samples used in the analysis was relatively small compared to the number of samples we collected. It is because we only used the samples that had pre- and early-treatment data, and the samples with only pre-treatment information were not used. Second, the dataset we collected contained single-center data. For modeling enhancement, increasing the number of samples and sharing of data are necessary. Further validation will be extended to multi-center data analysis. Third, the performance of our system is too low to be used in practice. Nevertheless, as shown in Figure 5, the obvious tendency between RPS and down staging is encouraging. We emphasize that the RPS system is easily obtained from laboratory values that are routinely measured and is superior to other previous indicators.




5 Conclusion

In this study, we analyzed pre-CRT and early-CRT data obtained from 272 patients and proposed the RPS system for the response of preoperative CRT in LARC. We showed that the RPS system is more predictive than the systemic inflammatory and nutritional indicators that were introduced for the same target in previous studies, and it is also a good indicator of prognostic measures. To develop a more practical predictive scoring system, it is necessary to collect more data, not just pre-treatment blood data but also early-treatment blood data in the future. Furthermore, in-depth research on the change in blood features according to CRT progress is needed to predict the response of CRT.
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