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Abstract
BACKGROUND
Colorectal cancer is a common digestive malignancy, and chemotherapy remains a cornerstone of treatment. Myelosuppression, a frequent hematologic toxicity, poses significant clinical challenges. However, no interpretable machine learning-based nomogram exists to predict chemotherapy-induced myelosuppression in colorectal cancer patients. This study aimed to develop and validate an interpretable clinic-machine learning nomogram integrating clinical predictors with multiple algorithms via a feature mapping algorithm. The model provides accurate risk estimation and clinical interpretability, supporting individualized prevention strategies and optimizing decision-making in patients receiving first-line chemotherapy.

AIM
To develop and validate an interpretable clinic-machine learning nomogram predicting chemotherapy-induced myelosuppression in colorectal cancer.

METHODS
This retrospective study enrolled 855 colorectal cancer patients receiving first-line chemotherapy. Data were split into training (n = 612), validation (n = 153), and testing (n = 90) cohorts. Ten predictors were identified through least absolute shrinkage and selection operator, decision tree, random forest, and expert consensus. Ten machine learning algorithms were applied, with performance assessed by area under the receiver operating characteristic curve (AUC), area under the precision-recall curve (AUPRC), calibration, and decision curves. The optimal model was integrated into a clinic-machine learning nomogram via the feature mapping algorithm, which was internally validated for predictive accuracy and clinical utility.

RESULTS
A total of 855 colorectal cancer patients were enrolled, with 765 cases (April 2020 to December 2023) used for model training and validation, and 90 cases (January 2024 to July 2024) for internal testing. Baseline clinical features did not differ significantly between training and validation cohorts (P > 0.05). Ten predictors were identified through integrated feature selection and expert consensus, including age, body surface area, body mass index, tumor position, albumin, carcinoembryonic antigen, carbohydrate antigen (CA) 19-9, CA125, chemotherapy regimen, and chemotherapy cycles. Among ten machine learning algorithms, extreme gradient boosting achieved the best validation performance (AUC = 0.97, AUPRC = 0.92, sensitivity = 0.79, specificity = 0.92, accuracy = 0.88). Logistic regression confirmed extra trees and random forest as independent predictors, which were incorporated into a clinic-machine learning nomogram. The clinic-machine learning nomogram demonstrated superior discrimination (AUC = 0.96, AUPRC = 0.93, accuracy = 0.90, specificity = 0.95), good calibration, and greater net clinical benefit across a wide probability range (10%-90%). Internal testing further confirmed its robustness and generalizability (AUC = 0.95).

CONCLUSION
The clinic-machine learning nomogram accurately predicts chemotherapy-induced myelosuppression in colorectal cancer, providing interpretability and clinical utility to support individualized risk assessment and treatment decision-making.
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Core Tip: This study developed and validated the first clinic-machine learning (ML) nomogram for predicting chemotherapy-induced myelosuppression in colorectal cancer patients receiving first-line chemotherapy. By integrating clinical variables with multiple ML algorithms through a feature mapping algorithm, the model achieved high discrimination, good calibration, and consistent net clinical benefit. Unlike conventional nomograms or single-algorithm approaches, this clinic-ML nomogram combines interpretability with robust predictive accuracy, providing a practical decision-support tool to optimize individualized treatment strategies.

INTRODUCTION
Colorectal cancer (CRC) is one of the most prevalent malignant tumors of the digestive system, posing a significant threat to global public health. Recent statistics indicate that in 2022, approximately 1.926 million new CRC cases were diagnosed globally, with an incidence rate of 9.6%, ranking third among cancers. Furthermore, CRC accounted for approximately 904000 deaths, representing a mortality rate of 9.3%, second only to lung cancer. Consequently, CRC places a substantial economic and social burden on healthcare systems worldwide[1].
In recent years, the advent of targeted agents and immunotherapies, such as bevacizumab and pembrolizumab, has notably improved both the five-year survival rate and quality of life for CRC patients. However, chemotherapy remains the cornerstone of medical treatment in CRC management. For preoperative neoadjuvant therapy, surgical intervention is recommended for patients classified as T1-2N0M0. In contrast, patients with T3-T4 CRC, regardless of surgical indications, are advised to receive preoperative neoadjuvant chemotherapy or chemotherapy combined with targeted therapy. The chemotherapy regimens predominantly used include CapeOx (capecitabine and oxaliplatin), FOLFOX (fluorouracil, leucovorin, and oxaliplatin), and FOLFIRI (fluorouracil, leucovorin, and irinotecan). In the context of postoperative adjuvant therapy, chemotherapy is recommended for stage II patients with high-risk features and all patients with stage III-IV CRC, excluding stage I disease. For patients with recurrent or metastatic CRC, systemic therapy involving chemotherapy, targeted therapy, and immunotherapy is selected based on genetic mutation profiles and metastatic status, with chemotherapeutic drugs typically including 5-fluorouracil, irinotecan, oxaliplatin, and capecitabine[2]. Throughout any phase of CRC treatment, timely evaluation of therapeutic efficacy and adverse effects is essential, with chemotherapy-associated toxicities representing a major concern for clinicians. Chemotherapy may lead to adverse reactions involving multiple organ systems, including gastrointestinal symptoms (nausea/vomiting, diarrhea), dermatological manifestations (mucositis, alopecia), hematological toxicities (myelosuppression, coagulopathies), and neurological disorders (peripheral neuropathy, cognitive impairment)[3]. Among these, myelosuppression is one of the most frequently encountered hematological toxicities and represents a common dose-limiting side effect of anticancer agents. Chemotherapy-induced myelosuppression (CIM) arises from cytotoxic chemotherapy-mediated destruction of rapidly dividing hematopoietic stem cells and progenitor cells in the bone marrow, manifesting primarily as neutropenia, thrombocytopenia, and anemia[4-7]. CIM not only increases the risks of infection, dyspnea, fatigue, and hemorrhage but also necessitates chemotherapy dose reductions, delays, or cessation, potentially diminishing therapeutic efficacy, escalating economic burdens, and adversely impacting long-term survival outcomes. Moreover, attention to psychological and emotional well-being during treatment is equally crucial, as evidence demonstrates that the psychosocial impact of CIM such as disruption of family life, emotional distress, and interpersonal relationships often exceeds the severity of physical symptoms, thereby intensifying clinical workloads for patients and healthcare providers[8]. Thus, accurately predicting the risk of myelosuppression after first-line chemotherapy and proactively initiating preventive measures can yield substantial clinical benefits. In recent years, machine learning (ML) has been increasingly applied in oncology for risk prediction and clinical decision support, owing to its capacity to handle high-dimensional data, capture complex nonlinear relationships, and improve predictive accuracy beyond conventional regression approaches. Compared to traditional nomograms, which provide interpretable visualization but are limited in accommodating multidimensional interactions, ML algorithms such as least absolute shrinkage and selection operator (LASSO), random forest (RF) can effectively manage collinearity, enhance feature selection, and mitigate overfitting a common challenge of ML models lies in their “black-box” nature, which constrains clinical applicability due to insufficient interpretability (10.1167/tvst.9.2.14). To address this methodological gap, our study introduces a feature mapping algorithm (FMA) to integrate multiple ML algorithms with conventional nomogram construction, thereby combining the interpretability of clinical nomograms with the robustness and high discrimination of ML methods. This integrative framework not only overcomes the limitations of single-model approaches but also ensures greater stability, calibration, and clinical utility.
In this study, 10 common MLs were combined with a nomogram model to construct a clinical predictive tool for evaluating CIM risk after first-line chemotherapy in CRC patients. The predictive model incorporated patient baseline characteristics, laboratory test results, CRC staging, and chemotherapy regimens, providing clinicians with actionable insights for optimizing patient care.

MATERIALS AND METHODS
Study design
The present study consists of the following five stages: (1) Screening and enrolling in patients admitted to Guang’anmen Hospital, China Academy of Chinese Medical Sciences, based on predetermined inclusion and exclusion criteria, followed by collection of clinical data to establish a comprehensive analytical database; (2) Identifying candidate predictors through integrated analyses involving LASSO regression, decision trees (DT), and RF; (3) Developing and validating predictive models based on 10 widely-used MLs, comprehensively evaluating the model performance and clinical decision-making performance, and subsequently determining the optimal ML model; (4) Constructing a clinical nomogram model (clinic nomogram) and a combined clinical-ML nomogram (clinic-ML nomogram), and subsequently comparing the performance among the optimal ML, the clinic nomogram, and the clinic-ML nomogram to identify the best-performing clinical prediction model; and (5) Conducting internal testing of the final optimal predictive model (Figure 1).

General information
Clinical data from patients who met the inclusion and exclusion criteria and were hospitalized at the Department of Oncology, Guang’anmen Hospital, China Academy of Chinese Medical Sciences, from April 2020 to July 2024, were retrospectively collected.

Inclusion criteria: (1) Patients diagnosed with CRC according to the Chinese protocol of diagnosis and treatment of CRC (2023 edition)[9], with diagnosis confirmed by pathological examination; (2) Patients undergoing first-line chemotherapy regimens including CapeOx (capecitabine and oxaliplatin), FOLFOX (fluorouracil, leucovorin, and oxaliplatin), or FOLFIRI (fluorouracil, leucovorin, and irinotecan); and (3) Patients without pre-existing myelosuppression before initiating first-line chemotherapy, defined specifically by peripheral blood white blood cell count ≥ 4.0 × 109/L, absolute neutrophil count ≥ 2.0 × 109/L, platelet count ≥ 100 × 109/L, and hemoglobin ≥ 115 g/L (females) or ≥ 130 g/L (males).

Exclusion criteria: (1) Patients with incomplete clinical data including baseline characteristics, laboratory test results, clinical staging of malignancy, genetic testing results, chemotherapy regimens, and cycles; (2) Patients with confirmed myelosuppression attributed to other identifiable factors; and (3) Patients diagnosed with co-existing systemic diseases (potentially confounding outcome measurement), including hematologic disorders such as aplastic anemia or myelofibrosis, autoimmune diseases such as systemic lupus erythematosus, and infectious diseases.
This study was conducted in accordance with the guidelines outlined in the Declaration of Helsinki (2024)[10] and was approved by the Ethics Committee of Guang’anmen Hospital, China Academy of Chinese Medical Sciences (No. 2022-215-KY). Methodologically, the study adheres to the requirements described in the Transparent Reporting of a Multivariable Prediction Model for Individual Prognosis or Diagnosis statements[11-13].

Outcome indicators, candidate predictors, and definitions
The primary outcome of this study was the occurrence of myelosuppression: (1) Criteria for assessing the outcome indicator: Myelosuppression was evaluated based on the acute and subacute toxicity grading standards for anticancer drugs issued by the World Health Organization. Specifically, myelosuppression was defined by meeting at least one of the following conditions: peripheral blood white blood cell count < 4.0 × 109/L, absolute neutrophil count < 2.0 × 109/L, platelet count < 100 × 109/L, or hemoglobin level < 115 g/L in females or < 130 g/L in males[14]; and (2) Timing for measurement of the outcome indicator: Neutrophil counts typically begin to decline approximately one week after chemotherapy cessation, reaching a nadir between days 10 and 14. Platelet counts usually decrease slightly later than neutrophils, reaching their lowest point approximately two weeks after chemotherapy, often declining rapidly[15]. Therefore, in this study, the measurement period for the outcome indicator (complete blood count analysis) was scheduled between the completion of the previous chemotherapy cycle and the initiation of the next cycle, typically conducted between days 3 to 10 post-chemotherapy. This timing allowed clinicians to assess the occurrence of myelosuppression after first-line chemotherapy, facilitating timely adjustments to treatment regimens.
A total of 24 candidate predictors were included in this study, encompassing patient demographic information [age, gender, smoking status, diabetes, hypertension, body surface area (BSA), and body mass index (BMI)], laboratory test results [albumin (ALB), carcinoembryonic antigen (CEA), carbohydrate antigen (CA) 19-9, CA125, KRAS, BRAF, and TP53], CRC staging information [T-stage, N-stage, M-stage, overall staging, tumor position, hepatic metastasis, lung metastasis (LM), and peritoneal metastasis], and first-line chemotherapy details (chemotherapy cycles and chemotherapy regimens): (1) Selection and determination of candidate predictors: Candidate predictors were identified through an integrated approach combining CRC clinical guidelines, expert consensus statements, recent literature reviews, and clinical expertise. Ultimately, 24 predictors previously demonstrated or hypothesized to have causal or strong associative relationships with myelosuppression outcomes were selected according to established inclusion and exclusion criteria; (2) Measurement methods and timing for candidate predictors: For demographic information, uniform and calibrated tools were employed consistently across all participants. Laboratory indicators were measured at Guang’anmen Hospital prior to chemotherapy initiation. CRC staging was based strictly on pathological assessment criteria to minimize potential information bias; (3) Classification of variable types for candidate predictors: To preserve maximal original information and enhance the predictive accuracy and clinical applicability of the prediction models, candidate predictors were retained as continuous variables without transformation. However, the following four predictors were defined explicitly as categorical variables: Smoking status was categorized into current/former smoker or non-smoker; CRC staging was categorized according to the 8th edition of the American Joint Committee on Cancer tumor (T) node (N) metastasis (M) classification into stages I, II, III, and IV[16]; Tumor position was classified anatomically into five regions ascending colon, transverse colon, descending colon, sigmoid colon, and rectum; and first-line chemotherapy regimens were grouped into three categories based on the Chinese Protocol of Diagnosis and Treatment of CRC (2023 edition), specifically CapeOx (capecitabine and oxaliplatin), FOLFOX (fluorouracil, leucovorin, and oxaliplatin), and FOLFIRI (fluorouracil, leucovorin, and irinotecan)[9]. Other candidate predictors were not specifically categorized and retained their original continuous variable status; and (4) Blinding: As the measurement of candidate predictors in this study involved no subjective judgment by either participants or researchers, blinding procedures were not required for predictor assessment.

Data preprocessing and predictor selection
Data collection and verification: In terms of data collection, this study employed a registry-based data acquisition approach to ensure adequate real-world representativeness. Regarding data entry and verification, a double-entry verification method was utilized to guarantee data accuracy and reliability. Discrepancies identified during simultaneous data entry and checking were promptly resolved, and logical consistency checks were conducted to maintain data completeness, thereby enhancing the overall performance of the prediction model. Furthermore, given that the inclusion and exclusion criteria explicitly specified the exclusion of participants with incomplete clinical information, there was no need to address missing data or to eliminate candidate predictors due to incomplete records.

Sample size calculation: The objectivity of sample size, the number of predictors, and the incidence rate of outcome events significantly influence the performance of clinical prediction models[17]. A scientifically justified and adequately sized sample is critical to ensure the stability and generalizability of the prediction model. In this study, the sample size calculation was conducted by integrating both the classical “10 events per variable (EPV)” rule-of-thumb and the four-step sample size calculation method proposed by Riley et al[18]. The largest sample size obtained through these methods was considered the minimum required sample size for this study.

Predictor screening and determination: Considering the characteristics of the collected data, research objectives, sample size, and the distinct advantages of various selection methods, three analytical techniques RF, DT, and LASSO were chosen for predictor screening and determination, combined with expert clinical experience and contemporary research insights.
Compared to traditional regression methods (e.g., stepwise regression or principal component analysis), LASSO has distinct advantages in selecting critical predictors and managing collinearity among variables. By incorporating a penalty term, LASSO effectively identifies the most representative and closely associated predictors, even with relatively smaller sample sizes. This approach minimizes the risk of model overfitting, enhances accuracy and generalizability, and mitigates optimism bias and collinearity interference[19], resulting in more interpretable models. RF excels in comprehensively evaluating predictor importance, especially when dealing with complex and nonlinear relationships among laboratory indicators, imaging examinations, and lifestyle factors. By aggregating multiple DT, it reduces the impact of individual outliers and data noise, thus providing greater predictive accuracy[20]. DT presents the relationships between predictors and outcome events through a clear, tree-shaped graphical structure, capable of handling various complex data types. It offers straightforward interpretability in clinical practice, facilitating intuitive understanding of predictive outcomes[21]. Considering the goal of developing a prediction model with both high accuracy and strong interpretability, as well as the mixed nature (continuous and categorical) of the data and existing collinearity among certain predictors (e.g., CRC staging factors, BMI, and BSA in patient general information), the present study leveraged the complementary strengths of LASSO, RF, and DT to achieve optimal predictor selection.

Training, validation, and selection of MLs
Model development strategy: This study employed ten different ML algorithms to develop and validate predictive models for CIM. The selected algorithms included logistic regression (LR), DT, RF, extreme gradient boosting (XGBoost), support vector machines (SVM), adaptive boosting, gradient boosting machines (GBM), K-Nearest neighbors (KNN), artificial neural network (ANN), and extreme trees (ET). The models were trained on the training set and subsequently evaluated on the validation set to assess predictive performance.

Model validation: The initial dataset was split into a training set and a validation set in an 8:2 ratio using Python’s pandas library. During model development, the more robust 10-fold cross-validation approach was adopted to fully leverage the available data, minimize random bias, and enhance both the stability and generalizability of the models. This method has been widely recommended for achieving reliable performance metrics[22,23].

Evaluation of model performance: An effective clinical prediction model should exhibit both high discrimination and accurate calibration. Discrimination refers to the ability to correctly distinguish between binary outcomes, whereas calibration concerns the accuracy of predicted probabilities or risk estimates. In this study, eight metrics were used to evaluate model performance: Area under the receiver operating characteristic (ROC) curve (AUC), area under the precision-recall curve (AUPRC), accuracy, sensitivity, specificity, F1 score, positive predictive value (PPV), and negative predictive value (NPV). Among these, the AUC and the AUPRC served as the primary performance indicator, with values ranging from 0.5 to 1.0. Higher AUC values indicate stronger discrimination and greater accuracy. Conventionally, an AUC of 0.70-0.90 is considered moderate, whereas AUC > 0.90[24] is considered high-performance, thereby warranting further model construction. Unlike the AUC, the AUPRC provides a relative evaluation of predictive model performance, primarily judged by its degree of improvement over the random baseline. The ROC curve is generally insensitive to systematic error and demonstrates strong interpretability in datasets that are standardized, balanced, and relatively easy to interpret[24]. However, precision-recall curves are increasingly employed in clinical prediction model research because the inherent imbalance of clinical data highlights performance differences that ROC analysis may fail to capture[25]. Therefore, in the context of imbalanced clinical datasets, AUPRC can be compared with AUC to provide a more accurate and comprehensive assessment of the practical utility of prediction models in identifying low-probability events. To assess calibration, three main approaches are typically applied: (1) Mean calibration (calibration in the large) is assessed by comparing the average predicted outcomes or average predicted risks with the average observed outcomes or risks; (2) Fitting a calibration line on observations vs predictions; and (3) Fitting a smooth calibration curve to assess calibration locally. In this study, calibration curves were plotted to evaluate and determine the calibration properties and threshold values of the predictive models. The performance observed on the validation set was used as the primary yardstick to ensure the model’s complexity was optimized, thereby minimizing underfitting and overfitting. This process yielded the optimal ML[26].

Clinical decision assessment of predictive models: In contrast to performance evaluation, decision curve analysis (DCA) focuses on the practical clinical utility of a model, drawing upon decision theory to weigh factors such as outcome incidence, therapeutic benefits, and potential harms. DCA is therefore better aligned with real-world clinical scenarios, offering a more comprehensive basis for clinical decision-making when used in conjunction with conventional performance metrics[27,28]. It is important to note that a model must exhibit satisfactory performance before DCA is applied, given the inherent interplay between predictive accuracy and clinical decision evaluation.

Development and performance evaluation of clinic nomogram and stacked clinical prediction models
A nomogram is a visual statistical tool that integrates biological and clinical variables into a single graphical interface, facilitating prediction of outcome probabilities and aiding in clinical decision-making[29]. In this study, a multivariable ordinal LR approach was initially adopted to construct a conventional nomogram-based clinical prediction model (hereafter referred to as the “clinic-nomogram”). Subsequently, to combine the strong interpretability of the nomogram with the high accuracy of MLs, a FMA was employed to convert the optimal ML model into a clinic-ML nomogram. AUC, AUPRC, accuracy, sensitivity, specificity, F1 score, PPV, NPV, calibration curves and DCA were used to evaluate and compare the performances of the optimal ML, clinic nomogram, and clinic-ML nomogram, thereby identifying the best-performing clinical prediction model. This form of algorithmic stacking can further enhance model accuracy and generalizability, thereby improving its clinical utility[22].
The FMA generates for the clinic-ML nomogram the values of clinic features (CF) as:

Where  is the feature importance of the th CF in the th trained ML model,  is the value of the th ML models in the ML nomogram with i∈ (1, M) and j∈ (1, N) where M is the number of clinic features and N is the number of ML models, respectively[30].
By integrating the nomogram and ML via the FMA, this approach not only addresses the nomogram’s limitations in handling complex data relationships but also surmounts the ML’s challenges regarding interpretability of internal parameters and decision processes. Consequently, the resulting predictive model is more intuitive and better aligned with real-world clinical needs.

Statistical analysis
Continuous variables following a normal distribution were expressed as mean ± SD, whereas those not meeting the criteria for normality were reported as the median and interquartile range. For the statistical comparisons, continuous variables conforming to a normal distribution were analyzed using the t-test, while skewed variables were assessed via the Mann-Whitney U test. Categorical variables were presented as percentages or frequencies and compared using the χ2 test. LASSO, DT, and RF were employed for predictor selection. In LASSO regression, an L1 regularization term (i.e., a penalty term) is added to the cost function of a traditional linear regression model, thereby shrinking coefficients toward zero for less significant features. This process facilitates both feature selection and model simplification[31,32]. DT, RF, and the 10 MLs were all implemented using R (version 4.4.2) and Python (version 3.13.0). The ML algorithms, LASSO, and ROC analyses were performed via the Scikit-learn package in Python 3.13.0, while calibration curves and DCA were generated using the “rms” and “dca” packages in R 4.4.2, respectively. Statistical significance was defined at P < 0.05 (two-sided).

RESULTS
Baseline characteristics of study participants
A total of 855 participants who were hospitalized at the Department of Oncology, Guang’anmen Hospital of the China Academy of Chinese Medical Sciences from April 2020 to July 2024 were enrolled. Using a time-based split approach, data from April 2020 to December 2023 (n = 765) were utilized for model training and validation, and these 765 cases were randomly divided into a training set and a validation set in an 8:2 ratio. Data collected from January 2024 to July 2024 (n = 90) were subsequently used to assess the performance and clinical decision efficacy of the optimal predictive model. As shown in Table 1, there were no statistically significant differences in clinical characteristics between the training and validation sets (P > 0.05).
An objective sample size is crucial for ensuring both robust model performance and clinical decision efficacy. Because the clinical data in this study were derived from a specific time frame, a reverse validation method was adopted to evaluate the objectivity of the sample size: (1) Parameter setting: A pilot analysis of 100 cases was conducted to estimate the event incidence in the study population, yielding an event fraction of 32%. The number of candidate predictors was set to 10, the shrinkage factor (S) to 0.9, and the root mean squared prediction error to 0.05; (2) 10-EPV: According to the “10 EPV” rule of thumb, at least 313 cases were required; (3) Riley et al’s method[18]: Referring to the sample size calculation method proposed by Riley et al[18], at least 475 cases were needed; and (4) Combining both approaches, a minimum of 475 participants were deemed necessary. Ultimately, 765 participants were included for model training and validation in this study, indicating an adequate and objective sample size (Figure 2).

Selection and confirmation of predictors
Using LASSO, a total of 19 predictors were identified when λ-se was adopted as the selection criterion. These predictors included age, gender, smoking, diabetes, hypertension, BSA, BMI, T, N, M, staging, position, LM, ALB, CEA, CA19-9, CA125, TP53, chemotherapy cycles, and chemotherapy regimens (Figure 3). When applying the RF, mean decrease accuracy was used as the metric of predictor importance. Predictors with an importance score exceeding the mean across all variables were retained, yielding eight predictors: BSA, BMI, position, ALB, CEA, CA19-9, CA125, and chemotherapy regimens. Using the DT, the split nodes were based on average information gain values, resulting in 12 predictors: Age, gender, diabetes, BSA, BMI, N, position, ALB, CEA, CA19-9, CA125, and chemotherapy regimens (Figure 4). The mean importance derived from both the RF and DT algorithms shows certain commonalities. Both algorithms exhibit a similar “high-medium-low” gradient for variables such as BSA, BMI, ALB, CEA, CA19-9, CA125, position, and chemotherapy regimens. Indicators related to physical condition/nutrition, such as BSA, BMI, and ALB, consistently rank among the top, with their importance exceeding 0.10, indicating a highly significant contribution to the model. Tumor-related markers, including CEA, CA19-9, and CA125, also exhibit high importance, with values ranging between 0.05 and 0.10, suggesting that they may still provide valuable information. Both position and chemotherapy regimens carry some weight in both algorithms.
To ensure both methodological rigor and clinical relevance, we integrated the results from the three feature selection methods (LASSO, RF, and DT). Specifically, we first focused on the intersection of predictors consistently identified by all three algorithms, yielding eight robust variables: BSA, BMI, position, ALB, CEA, CA19-9, CA125, and chemotherapy regimens. These predictors were considered reliable given their reproducibility across distinct algorithmic approaches. In addition, through evaluation by three senior oncologists and based on accumulated clinical experience, age and chemotherapy cycles were recognized as having substantial influence on the risk of CIM in CRC patients. Consequently, these two clinically important variables were also incorporated. Taken together, the final set of ten predictors included age, BSA, BMI, position, ALB, CEA, CA19-9, CA125, chemotherapy regimens, and chemotherapy cycles, which were subsequently used for model development and validation.

Performance evaluation of the clinical prediction models
The ten selected predictors were input into ten different MLs, and a 10-fold cross-validation was performed (Figure 5). All ten ML algorithms showed competitive performance in predicting the risk of myelosuppression. It is worth noting that XGBoost demonstrated strong ranking ability in distinguishing between positive and negative samples in the validation set, with an AUC of 0.97, sensitivity of 0.79, and specificity of 0.92. In addition, the XGBoost model achieved an AUPRC of 0.92 in the training set, which was substantially higher than the random baseline level of 0.36. Compared with the baseline, XGBoost demonstrated an approximate 2.56-fold improvement, indicating a marked enhancement in model performance. These results suggest its excellent discriminatory power in differentiating the risk levels of myelosuppression. To comprehensively evaluate the model’s performance, this study also calculated accuracy, F1 score, PPV, and NPV. XGBoost exhibited favorable results on these metrics, achieving values of 0.88, 0.79, 0.79, and 0.92, respectively, in the validation set (Table 2 and Figure 6).

Development of the clinic-ML nomogram and comparison of clinical prediction models
Univariable and multivariable LR analyses (Table 3) indicated that the ET and RF models were independent predictors of myelosuppression. Consequently, this study applied the FMA to ET and RF to develop a clinic-ML nomogram (Figure 7A). In addition, a conventional clinic nomogram was constructed (Figure 7B). The AUC, AUPRC, accuracy, sensitivity, specificity, F1 score, PPV, NPV, calibration curves, and DCA were employed to assess the performance and clinical efficacy of the three resulting predictive models XGBoost, clinic nomogram, and clinic-ML nomogram (Table 4). In the validation set, the clinic-ML nomogram achieved an AUC of 0.96 (> 0.90), along with an accuracy of 0.90 and a specificity of 0.95, demonstrating excellent discriminatory ability for differentiating patients with and without myelosuppression (Figure 8). In the precision-recall curve analysis, the clinic-ML nomogram achieved an AUPRC of 0.93, substantially exceeding the random baseline level of 0.36. This corresponds to an approximately 2.59-fold improvement over random prediction, indicating high precision and recall in model construction and demonstrating strong risk prediction capability in clinical applications (Figure 9). Calibration curves revealed acceptable agreement between predicted and observed values in both the training and validation sets, indicating good calibration and accurate risk estimation (Figure 10). The DCA showed that, if the threshold probability ranges from 10% to 90%, employing the nomogram’s predicted probability to guide timely clinical intervention prior to first-line chemotherapy provides greater net benefit compared to either no intervention or universal intervention (Figure 11). Overall, based on these performance indicators, the clinic-ML nomogram demonstrated superior predictive accuracy and clinical net benefit compared to both XGBoost and the conventional clinic nomogram, making it the optimal clinical prediction model identified in this study.

Performance testing of the optimal model
The optimal predictive model, identified in the previous steps, was subjected to internal testing using data from 90 participants in the testing set. The clinic-ML nomogram continued to exhibit favorable accuracy, discrimination, and calibration (Table 5), achieving an AUC of 0.95 (> 0.9), an AUPRC of 0.83 (compared to the random baseline, it increased by 2.41 times). Moreover, it demonstrated superior clinical decision-making performance, indicating the model’s potential for broader generalization and applicability (Figure 12).

DISCUSSION
In recent years, the incidence and mortality rates of CRC have continued to rise worldwide, making it one of the leading malignant tumors affecting public health. Although targeted and immunotherapeutic strategies have achieved remarkable progress in CRC management, chemotherapy remains the core treatment modality for patients with locally advanced and metastatic CRC. At present, regimens such as FOLFOX and FOLFIRI which include agents known for significant myelotoxicity are still widely employed in clinical practice[2]. However, CIM is among the most frequent and severe adverse events. In multiple previous studies, XELOX and FOLFOX have been widely recognized as comparable first-line chemotherapy regimens in terms of efficacy; however, they exhibit distinct profiles of myelosuppression. Specifically, thrombocytopenia is more frequently observed in patients receiving XELOX, whereas neutropenia is more common in those treated with FOLFOX[33,34]. When the therapeutic efficacy of different regimens is comparable, the differences in adverse events often play a decisive role in determining patients’ treatment adherence, quality of life, and the feasibility of continuing therapy. Severe thrombocytopenia or neutropenia not only leads to chemotherapy delays and dose reductions but also increases the risks of transfusion, hospitalization, and infection-related complications. Therefore, a systematic and detailed assessment of chemotherapy-associated adverse events, particularly hematologic toxicities, is of critical clinical importance for guiding individualized treatment strategies, improving patients’ quality of life, and optimizing long-term outcomes.
[bookmark: OLE_LINK225][bookmark: OLE_LINK226]The clinic-ML nomogram is a novel predictive tool that integrates ML techniques into the conventional nomogram framework. Its construction process begins with the application of ML algorithms for feature selection, model training, and optimization in a high-dimensional dataset. From the identified predictive factors and optimized model parameters, a more interpretable nomogram with enhanced predictive performance is generated. In this study, we proposed the use of the FMA algorithm to integrate clinical variables with multiple ML models for the construction of a clinic-ML nomogram. This approach not only enhanced predictive accuracy but also improved interpretability, thereby demonstrating both methodological innovation and clinical relevance. The FMA framework allowed us to balance the strengths of different algorithms and clinical knowledge, overcoming the limitations of single-model approaches and ensuring a more robust representation of complex clinical scenarios. The FMA is a weighting mechanism based on feature importance in various MLs; its general formula is as follows: 

In this formula,  represents the final value for the clinical feature;  denotes the importance of the th clinical feature in the th ML; is the prediction value produced by the ML; M is the total number of clinical features; and N is the total number of ML. Each feature value  is derived from the results of multiple trained ML, each model’s output  reflects its computed prediction for the input data. The feature importance weight  indicates how much feature  contributes in the th ML model, allowing for the possibility that the same feature may carry different weights across various models. Ultimately, the final feature value  is obtained through a weighted summation of all model predictions and their corresponding weights. By leveraging the FMA to build a clinic-ML nomogram, not only can the predictive stability be enhanced through multi-model integration, but the accuracy is also improved by accounting for each feature’s varying contributions across different models. This weighting approach provides an intuitive explanation of each feature’s influence, rendering the model more user-friendly and clinically applicable.
[bookmark: OLE_LINK219][bookmark: OLE_LINK220]This retrospective study developed an ML-based and a clinic nomogram-based model for predicting myelosuppression in CRC patients receiving first-line chemotherapy. Building on these results, a clinic-ML nomogram was subsequently constructed using the FMA. A total of 855 patients were enrolled, of whom 765 were used for model training and validation (split 8:2) based on the timeline of data collection, and the remaining 90 were used to evaluate the performance and clinical benefits of the optimal predictive model. Guided by current guidelines, consensus statements, and expert clinical experience, 24 candidate predictors were initially proposed. These were then reduced to 10 final predictors: Age, BSA, BMI, position, ALB, CEA, CA19-9, CA125, chemotherapy regimens, and chemotherapy cycles through a combination of LASSO regression, RF, and DT analyses. To build the clinical prediction model, 10 ML algorithms (LR, DT, RF, XGBoost, SVM, GBM, KNN, ANN, ET) were first evaluated for predicting myelosuppression, and model performance was assessed using seven metrics (AUC, accuracy, sensitivity, specificity, F1 score, PPV, and NPV). DCA was further employed to gauge the clinical decision utility, ultimately identifying XGBoost as the optional ML (AUC = 0.97, sensitivity = 0.79, specificity = 0.92, accuracy = 0.88). Next, a traditional nomogram (clinic nomogram) was constructed. On this foundation, the FMA algorithm was used to create the clinic-ML nomogram. A comparative analysis of the clinic-nomogram, clinic-ML nomogram, and an XGBoost model built directly from clinical features showed that the clinic-ML nomogram outperformed both the traditional nomogram and the XGBoost model in predictive power and net clinical benefit. It also proved to be more distinctly stratifying and easier to implement, thus indicating superior clinical utility.
Age constitutes a critical determinant of post-chemotherapy bone marrow suppression, with older patients being more susceptible to such suppression than their younger or middle-aged counterparts. Alterations within the bone marrow microenvironment and intrinsic characteristics of hematopoietic stem cells may underlie this vulnerability. As individuals age, the proliferation and differentiation capacities of stromal cells diminish, alongside changes in the cytokine and growth factor milieu they secrete, thereby weakening the self-renewal and differentiation potential of hematopoietic stem cells[35]. Additionally, the quantity and quality of hematopoietic stem cells in elderly populations decline, making these cells more prone to genomic instability and epigenetic abnormalities[36]. Consequently, when chemotherapeutic agents inflict damage on hematopoietic stem cells, older patients often exhibit reduced capacity for effective self-repair and compensation compared to younger individuals. Moreover, previous studies have indicated that fundamental pathways, including nucleotide excision repair, homologous recombination, and non-homologous end-joining, may be adversely affected by aging[37], implying a decline in DNA repair competence among the elderly. Weakened DNA repair mechanisms render hematopoietic progenitor cells in the bone marrow more susceptible to apoptosis, senescence, or the development of dysfunctional clones following chemotherapeutic insult, thereby exacerbating the severity of bone marrow suppression. Additionally, the age-related deterioration in drug metabolic capacity[38] leads to diminished clearance of chemotherapeutic agents and their metabolites, resulting in higher tissue accumulation and increased toxicity.
This predictive model indicates that BSA is positively associated with the incidence of post-chemotherapy myelosuppression. We propose that the primary cause of this phenomenon is the increased absolute dose of chemotherapy drugs in patients with higher BSA. Clinically, chemotherapy regimens are often dosed in mg/m2, signifying the amount of drug administered per square meter of BSA. As BSA increases, so does the absolute amount of administered chemotherapy. Consequently, hematopoietic cells in the bone marrow are subjected to a higher overall “chemotherapeutic impact”, increasing the likelihood of significant myelosuppression. Although in theory BSA can partly reflect metabolic capacity and volume of distribution, patients with a higher BSA typically have larger organ volumes and greater blood flow, factors closely linked to enhanced hepatic metabolism and renal excretion[39]. However, such “tolerance” is not absolute and may not uniformly apply across all drugs or patients. If individuals with a larger BSA do not exhibit proportionately greater metabolic capability, they may experience a higher peak concentration (C max) and/or prolonged drug exposure (AUC), ultimately predisposing them to more severe myelosuppression. A similar phenomenon emerged in our study concerning BMI: Patients with a higher BMI were also more prone to myelosuppression. Although BMI and BSA do not exhibit an absolute linear relationship, most individuals with an elevated BMI also present with a larger BSA, which often leads to administration of higher chemotherapy doses. Previous research has demonstrated that high BMI is typically associated with slower drug clearance, thereby extending the elimination half-life[40]. Additionally, a high BMI often correlates with increased bone marrow fat content, potentially affecting hematopoietic function in the marrow[41]. Contradictorily, numerous studies have shown no significant correlation between high BMI and myelosuppression[42,43], and some evidence even indicates a negative association between BMI and myelosuppression[44]. These inconsistencies may reflect variation in chemotherapy dosing strategies and other confounding factors. Further investigation is warranted to elucidate the precise mechanisms underlying these observations.
Previous studies have rarely explored the association between tumor location in CRC and CIM. Our findings suggest that malignancies in the rectum and sigmoid colon are more prone to developing myelosuppression following chemotherapy. This phenomenon may be closely related to differences in treatment strategies. Because rectal cancer often requires concurrent chemoradiotherapy, pelvic bone marrow dose-volume parameters (e.g., V20 and V25) during radiotherapy significantly influence the incidence of myelosuppression. Indeed, rectal cancer treatment typically involves high-dose irradiation to the pelvic region, which can further compromise bone marrow function. In contrast, ascending, transverse, and descending colon cancers often do not necessitate radiotherapy and primarily depend on chemotherapy, implying that myelosuppression in these tumor locations is chiefly attributable to the inherent toxicity of chemotherapeutic agents. Additionally, variations in the tumor microenvironment and the release of inflammatory factors may exist among different segments of the colon and rectum. Changes in the local immune microenvironment and gut microbiota at the mucosal interface can affect chemotherapy tolerance and systemic immunity[45]. We hypothesize that if inflammation triggered by a tumor in a specific anatomical region, or inflammation in adjacent tissues, leads to dysbiosis in the gut microbiota, it may, in turn, impair hematopoiesis or immune regulation, thereby exacerbating the risk of myelosuppression. We intend to investigate this hypothesis in future research.
Elevated CEA, CA19-9, and CA125 levels coupled with decreased ALB levels are strongly associated with an increased risk of myelosuppression in CRC patients after first-line chemotherapy. We hypothesize that this phenomenon may be linked to a higher overall tumor burden. Elevated CEA typically correlates with greater disease severity in CRC, whereas rises in CA19-9 and CA125 may indicate metastatic lesions. Meanwhile, high tumor burden markedly accelerates ALB consumption. As a result, patients experience a decline in overall health status and immune function, leading to diminished tolerance of chemotherapeutic agents and, consequently, an increased likelihood of myelosuppression[46,47].
Interestingly, in this study, the FOLFIRI regimen widely recognized in theory and previous literature as likely to elicit substantial myelosuppression exhibited a comparatively low incidence of bone marrow suppression. After an in-depth analysis of these findings in conjunction with clinical practice and the design characteristics of our study, we propose that this result is primarily attributable to prophylactic administration of granulocyte colony-stimulating factor (G-CSF) or similar agents. Numerous studies have indicated that the dose-limiting toxicity of irinotecan commonly manifests as marked neutropenia[48-50]. Consequently, to reduce the incidence of severe neutropenia and related infections, prophylactic G-CSF support is often implemented before FOLFIRI therapy. As such, our data revealed a significantly higher proportion of prophylactic G-CSF use in the FOLFIRI group than in the other two regimens, which may have artificially reduced the observed rate of myelosuppression among FOLFIRI-treated patients. Additionally, the sample size of the FOLFIRI group was considerably smaller than that of the CapeOx and FOLFOX groups, accounting for less than 10% of the total sample. This relatively limited patient pool may contribute to random variability or bias in estimating the rate of myelosuppression. Although this finding diverges somewhat from previous research, it highlights the influence and importance of authentic clinical practices observed in real-world settings. Real-world data encompasses not only patients’ baseline characteristics and objective efficacy and safety indicators, but also clinicians’ individualized treatment decisions, patient adherence, and the application of supportive care measures. These multifaceted factors can yield different outcomes, underscoring the high ecological validity and practical significance of real-world evidence in guiding clinical decisions.
Furthermore, as the number of chemotherapy cycles increases, so does the incidence of myelosuppression. The primary causes of worsening bone marrow suppression stem from cumulative damage to the bone marrow and repeated cycles of “injury-and-repair”. With more chemotherapy cycles, normal hematopoietic stem/progenitor cells endure multiple rounds of DNA damage and disrupted cell cycling[51]. On the one hand, repeated DNA damage can exceed the intrinsic repair capacity of the cells, thereby diminishing stem cell function[52]. On the other hand, the bone marrow microenvironment suffers continuous harm during successive chemotherapy sessions, preventing hematopoietic stem cells from receiving the necessary support for normal functioning[53,54]. Additionally, depletion of the stem cell pool can lead to insufficient hematopoiesis. With each chemotherapy cycle, the bone marrow undergoes a suppression phase followed by a recovery phase, requiring substantial mobilization and proliferation of stem/progenitor cells to restore blood cell counts[55]. However, because stem cells have limited capacity for repair and proliferation, repeated “over-mobilization” eventually impairs their function and depletes the stem cell pool. Over time, it becomes increasingly difficult for blood counts to return to baseline levels, thus worsening subsequent chemotherapy-induced cytopenias[56]. Finally, deterioration of overall health status also contributes to the onset of myelosuppression. Multiple chemotherapy cycles frequently result in various toxicities, including hepatic and renal dysfunction, leading to drug accumulation and further bone marrow suppression. Moreover, malnutrition[57] and infections[58] can impair bone marrow recovery via various mechanisms, perpetuating a vicious cycle.

CONCLUSION
In a retrospective cohort of 855 patients with CRC receiving first-line chemotherapy, we developed and internally validated an interpretable clinic-ML nomogram using a feature-mapping aggregation of multiple ML models and clinical predictors; the tool showed high discrimination (AUC = 0.95), good calibration, and a consistent net clinical benefit across a broad range of decision thresholds. These findings align with the established role of nomograms as individualized decision aids in oncology and underscore the value of DCA for evaluating clinical utility beyond accuracy metrics. In practice, risk estimates from the nomogram could help tailor prophylactic and dose-modification strategies.
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Figure 1 Flowchart of the study protocol. CRC: Colorectal cancer; T: Tumor; N: Node; M: Metastasis; HM: Hepatic metastasis; LM: Lung metastasis; PM: Peritoneal metastasis; BSA: Body surface area; BMI: Body mass index; ALB: Albumin; CEA: Carcinoembryonic antigen; CA: Carbohydrate antigen; LASSO: Least absolute shrinkage and selection operator; ML: Machine learning; LR: Logistic regression; DT: Decision trees; RF: Random forest; XGBoost: Extreme gradient boosting; SVM: Support vector machines; GBM: Gradient boosting machines; KNN: K-Nearest neighbors; ANN: Artificial neural network; ET: Extreme trees; ROC: Receiver operating characteristic; AUC: Area under the curve; PR: Precision-recall; AUPRC: Area under the precision-recall curve; PPV: Positive predictive value; NPV: Negative predictive value.
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Figure 2 Sample size calculation flowchart. rMPSE: Root mean squared prediction error; MPSE: Mean squared prediction error; EPV: Events per variable. In formula: Ø: Events fraction; δ: A margin of error, generally recommend < 0.05; P: Number of candidate predictors; S: Shrinkage factor;: A (conservative) value for the anticipated model performance is required, as defined by the Cox-Snell R squared statistic; MAPE: The mean absolute prediction error; n: The sample size.
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Figure 3 Candidate predictor screening using least absolute shrinkage and selection operator. A: Path diagram of least absolute shrinkage and selection operator (LASSO) regression coefficients for candidate predictors; B: Cross-validation curves for LASSO. MSE: Mean squared error.
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Figure 4 Mean importance of candidate predictors. A: Random forest algorithm; B: Decision trees algorithm. BSA: Body surface area; BMI: Body mass index; T: Tumor; N: Node; M: Metastasis; HM: Hepatic metastasis; LM: Lung metastasis; PM: Peritoneal metastasis; ALB: Albumin; CEA: Carcinoembryonic antigen; CA: Carbohydrate antigen.
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Figure 5 10-fold cross-validation plot.
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Figure 6 Curves for 10 machine learnings. A and B: Receiver operating characteristic curves of training set (A) and validation set (B); C and D: Precision-recall curves of training set (C) and validation set (D). LR: Logistic regression; DT: Decision trees; RF: Random forest; XGBoost: Extreme gradient boosting; SVM: Support vector machines; GBM: Gradient boosting machines; KNN: K-Nearest neighbors; ANN: Artificial neural network; ET: Extreme trees; AUC: Area under the curve; AP: Average precision.
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Figure 7 The nomogram for predicting myelosuppression induced by first-line chemotherapy in colorectal cancer. A: Clinic-machine learning; B: Clinic. BSA: Body surface area; BMI: Body mass index; ALB: Albumin; CEA: Carcinoembryonic antigen; CA: Carbohydrate antigen.
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Figure 8 Receiver operating characteristic curves for extreme gradient boosting, clinic nomogram and clinic-machine learning nomogram. A: Training set; B: Validation set. XGBoost: Extreme gradient boosting; AUC: Area under the curve; ML: Machine learning.
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Figure 9 Precision-recall curve for extreme gradient boosting, clinic nomogram and clinic-machine learning nomogram. A: Training set; B: Validation set. XGBoost: Extreme gradient boosting; AP: Average precision; ML: Machine learning.
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Figure 10 Calibration curves for extreme gradient boosting, clinic nomogram and clinic-machine learning nomogram. A: Training set; B: Validation set. XGBoost: Extreme gradient boosting; ML: Machine learning.
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Figure 11 Decision curve analysis for extreme gradient boosting, clinic nomogram and clinic-machine learning nomogram. A: Training set; B: Validation set. XGBoost: Extreme gradient boosting; ML: Machine learning.
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Figure 12 Receiver operating characteristic, precision-recall curve, calibration curves and decision curve analysis for the optimal prediction model clinic-machine learning nomogram (testing set). A: Receiver operating characteristic curve; B: Precision-recall curve; C: Calibration curve; D: Decision curve analysis. AUC: Area under the curve; ML: Machine learning; AUPRC: Area under the precision-recall curve; CI: Confidence interval.

Table 1 Baseline characteristics of colorectal cancer patients, n (%)
	Characteristic
	Overall (n = 765)
	Training set (n = 612)
	Validation set (n = 153)
	P value

	Age, median (95%CI)
	62.26 (61.58-62.96)
	62.12 (61.36-62.88)
	62.84 (61.16-64.51)
	0.422

	BSA, median (95%CI)
	1.71 (1.69-1.72)
	1.71 (1.69-1.72)
	1.71 (1.68-1.74)
	0.996

	BMI, median (95%CI)
	22.94 (22.70-23.17)
	22.99 (22.72-23.26)
	22.75 (22.23-23.27)
	0.428

	ALB, median (95%CI)
	37.53 (37.27-37.80)
	37.48 (37.19-37.50)
	37.74 (37.10-38.37)
	0.453

	CEA, median (95%CI)
	182.30 (125.72-246.75)
	178.10 (115.79-240.41)
	199.10 (53.75-344.45)
	0.770

	CA19-9, median (95%CI)
	169.03 (113.66-237.21)
	177.95 (108.12-247.78)
	133.33 (0.11-266.55)
	0.571

	CA125, median (95%CI)
	22.20 (19.20-25.77)
	21.93 (18.30-25.56)
	23.30 (13.48-33.12)
	0.804

	Gender
	
	
	
	0.607

	Male
	449 (58.7)
	362 (59.15)
	87 (56.86)
	

	Female
	316 (41.3)
	250 (40.85)
	66 (43.14)
	

	Smoking
	
	
	
	0.572

	Yes
	275 (35.9)
	223 (36.44)
	52 (33.99)
	

	No
	316 (41.3)
	389 (63.56)
	101 (66.01)
	

	Diabetes
	
	
	
	0.529

	Yes
	128 (16.7)
	105 (17.16)
	23 (15.03)
	

	No
	637 (83.2)
	507 (82.84)
	130 (84.97)
	

	Hypertension
	
	
	
	0.417

	Yes
	307 (40.1)
	250 (40.85)
	57 (37.25)
	

	No
	458 (59.8)
	362 (59.15)
	96 (62.75)
	

	T
	
	
	
	0.491

	1
	18 (2.4)
	15 (2.45)
	3 (1.96)
	

	2
	84 (11.0)
	67 (10.95)
	17 (11.11)
	

	3
	264 (34.5)
	323 (52.78)
	76 (49.67)
	

	4
	399 (52.2)
	207 (33.82)
	57 (37.25)
	

	N
	
	
	
	0.255

	0
	4 (0.5)
	126 (20.59)
	36 (23.53)
	

	1
	162 (21.2)
	261 (42.65)
	68 (44.44)
	

	2
	270 (35.3)
	222 (36.27)
	48 (31.37)
	

	3
	329 (43.0)
	3 (0.49)
	1 (0.65)
	

	M
	
	
	
	0.103

	0
	355 (46.4)
	293 (47.88)
	62 (40.52)
	

	1
	410 (53.5)
	319 (52.12)
	91 (59.48)
	

	Staging
	
	
	
	0.180

	I
	15 (2.0)
	11 (1.8)
	4 (2.61)
	

	II
	66 (8.6)
	56 (9.15)
	10 (6.54)
	

	III
	267 (34.9)
	219 (35.78)
	48 (31.37)
	

	IV
	417 (54.5)
	326 (53.27)
	91 (59.48)
	

	Position
	
	
	
	0.687

	Ascending colon
	21 (2.7)
	118 (19.28)
	30 (19.61)
	

	Transverse colon
	27 (3.5)
	15 (2.45)
	6 (3.92)
	

	Descending colon
	148 (19.3)
	24 (3.92)
	3 (1.96)
	

	Sigmoid colon
	209 (27.3)
	164 (26.8)
	45 (29.41)
	

	Rectum
	360 (47.1)
	291 (47.55)
	69 (45.1)
	

	Hepatic metastasis
	
	
	
	0.195

	Yes
	261 (34.1)
	202 (33.01)
	59 (38.56)
	

	No
	504 (65.8)
	410 (66.99)
	94 (61.44)
	

	Lung metastasis
	
	
	
	0.064

	Yes
	214 (27.9)
	162 (26.47)
	52 (33.99)
	

	No
	551 (72.0)
	450 (73.53)
	101 (66.01)
	

	Peritoneum metastasis
	
	
	
	0.201

	Yes
	47 (6.1)
	41 (6.7)
	6 (3.92)
	

	No
	718 (93.8)
	571 (93.3)
	147 (96.08)
	

	KRAS
	
	
	
	0.961

	Yes
	124 (16.2)
	99 (16.18)
	25 (16.34)
	

	No
	641 (83.7)
	513 (83.82)
	128 (83.66)
	

	BRAF
	
	
	
	0.051

	Yes
	15 (1.9) 
	15 (2.45)
	0 (0)
	

	No
	750 (98) 
	597 (97.55)
	153 (100)
	

	TP53
	
	
	
	0.286

	Yes
	61 (7.9) 
	52 (8.5)
	9 (5.88)
	

	No
	704 (92) 
	560 (91.5)
	144 (94.12)
	

	Myelosuppression
	
	
	
	0.336

	Yes
	250 (32.6) 
	195 (31.86)
	55 (35.95)
	

	No
	515 (67.3) 
	417 (68.14)
	98 (64.05)
	

	Chemotherapy cycles
	
	
	
	0.572

	1-2 cycles
	315 (41.2) 
	258 (42.16)
	57 (37.25)
	

	3-4 cycles
	237 (31.0) 
	182 (29.74)
	55 (35.95)
	

	5 or more cycles
	213 (27.8) 
	172 (28.1)
	41 (26.8)
	

	Chemotherapy regimens
	
	
	
	0.248

	CapeOx
	571 (74.6) 
	463 (75.65)
	108 (70.59)
	

	FOLFOX
	85 (11.1) 
	63 (10.29)
	22 (14.38)
	

	FOLFIRI
	109 (14.2) 
	86 (14.05)
	23 (15.03)
	


BSA: Body surface area; BMI: Body mass index; ALB: Albumin; CEA: Carcinoembryonic antigen; CA: Carbohydrate antigen; CI: Confidence interval; T: Tumor; N: Node; M: Metastasis.

Table 2 Performance of 10 machine learnings for predicting myelosuppression after first-line chemotherapy for colorectal cancer
	MLs
	AUC (95%CI)
	AUPRC (95%CI)
	Accuracy (%)
	Sensitivity (%)
	Specificity (%)
	F1 score
	PPV
	NPV

	Training set
	
	
	
	
	
	
	
	

	Adaptive boosting
	0.88 (0.85-0.91)
	0.79 (0.73-0.84)
	0.79
	0.49
	0.94
	0.61
	0.81
	0.78

	Artificial neural network
	0.96 (0.95-0.97)
	0.94 (0.91-0.96)
	0.73
	0.53
	0.83
	0.57
	0.61
	0.78

	Decision tree
	1.00 (1.00-1.00)
	1.00 (1.00-1.00)
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Extra trees
	1.00 (1.00-1.00)
	1.00 (1.00-1.00)
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Gradient boosting machine
	0.99 (0.99-1.00)
	0.99 (0.99-1.00)
	0.98
	0.93
	0.99
	0.96
	0.99
	0.97

	K-Nearest neighbors
	0.91 (0.89-0.93)
	0.79 (0.75-0.84)
	0.90
	0.85
	0.92
	0.85
	0.85
	0.92

	Logistic regression
	0.75 (0.71-0.79)
	0.57 (0.50-0.65)
	0.69
	0.25
	0.92
	0.35
	0.61
	0.70

	Random forest
	1.00 (0.99-1.00)
	1.00 (0.99-1.00)
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Support vector machine
	0.87 (0.83-0.90)
	0.79 (0.73-0.84)
	0.68
	0.05
	1.00
	0.10
	1.00
	0.67

	Extreme gradient boosting
	1.00 (0.99-1.00)
	1.00 (0.99-1.00) 
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Validation set
	
	
	
	
	
	
	
	

	Adaptive boosting
	0.83 (0.76-0.89)
	0.72 (0.60-0.85)
	0.78
	0.35
	0.95
	0.47
	0.71
	0.79

	Artificial neural network
	0.69 (0.60-0.78)
	0.61 (0.48-0.74)
	0.65
	0.42
	0.75
	0.40
	0.39
	0.77

	Decision tree
	0.70 (0.62-0.78)
	0.52 (0.41-0.64)
	0.82
	0.81
	0.83
	0.72
	0.65
	0.92

	Extra trees
	0.94 (0.89-0.97)
	0.90 (0.82-0.96)
	0.87
	0.72
	0.93
	0.76
	0.79
	0.89

	Gradient boosting machine
	0.92 (0.86-0.97)
	0.90 (0.84-0.95)
	0.83
	0.67
	0.89
	0.69
	0.71
	0.88

	K-Nearest neighbors
	0.75 (0.67-0.83)
	0.62 (0.48-0.74)
	0.80
	0.70
	0.85
	0.67
	0.64
	0.88

	Logistic regression
	0.67 (0.59-0.76)
	0.49 (0.38-0.65)
	0.68
	0.20
	0.86
	0.27
	0.38
	0.74

	Random forest
	0.96 (0.93-0.98)
	0.93 (0.87-0.97)
	0.88
	0.72
	0.95
	0.78
	0.84
	0.90

	Support vector machine
	0.75 (0.67-0.83)
	0.65 (0.52-0.77)
	0.75
	0.12
	1.00
	0.21
	1.00
	0.74

	Extreme gradient boosting
	0.97 (0.94-0.99)
	0.92 (0.83-0.99)
	0.88
	0.79
	0.92
	0.79
	0.79
	0.92


AUC: Area under the curve; ML: Machine learning; AUPRC: Area under the precision-recall curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative predictive value.

Table 3 Logistic regression based on 10 machine learnings for predicting myelosuppression
	MLs
	Univariate logistic regression
	Multivariate logistic regression

	
	OR (95%CI)
	P value
	OR (95%CI)
	P value

	Adaptive boosting
	49.558 (15.807-155.376)
	0.000
	0.083 (0.003-2.486)
	0.151

	Artificial neural network
	54.444 (13.032-227.465)
	0.000
	1.572 (0.043-57.273)
	0.805

	Decision tree
	10.587 (5.084-22.047)
	0.000
	0.563 (0.102-3.109)
	0.510

	Extra trees
	390.471 (75.734-2013.192)
	0.000
	31.948 (2.468-413.586)
	0.008

	Gradient boosting machine
	104.831 (32.579-337.322)
	0.000
	2.169 (0.176-26.731)
	0.546

	K-Nearest neighbors
	24.992 (9.652-64.711)
	0.000
	3.081 (0.419-22.650)
	0.269

	Logistic regression
	279.116 (24.997-3116.614)
	0.000
	0.225 (0.000-129.448)
	0.646

	Random forest
	404.139 (88.973-1835.710)
	0.000
	94.621 (1.178-7597.788)
	0.042

	Support vector machine
	4.180 (0.332-52.698)
	0.269
	23.780 (0.434-1303.403)
	0.121

	Extreme gradient boosting
	131.875 (39.641-438.709)
	0.000
	2.669 (0.170-41.930)
	0.485


ML: Machine learning; CI: Confidence interval; OR: Odds ratio.

Table 4 Performance comparison of extreme gradient boosting, clinic nomogram, and clinic-machine learning nomograms
	Model
	AUC (95%CI)
	AUPRC (95%CI)
	Accuracy (%)
	Sensitivity (%)
	Specificity (%)
	F1 score
	PPV
	NPV

	Training set
	
	
	
	
	
	
	
	

	Extreme gradient boosting
	1.00 (1.00-1.00)
	1.00 (0.99-1.00)
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Clinic nomogram
	0.68 (0.63-0.72)
	0.49 (0.43-0.56)
	0.69
	0.25
	0.92
	0.69
	0.61
	0.71

	Clinic-machine learning nomogram
	0.99 (0.99-1.00)
	0.99 (0.99-1.00)
	1.00
	1.00
	1.00
	1.00
	1.00
	1.00

	Validation set
	
	
	
	
	
	
	
	

	Extreme gradient boosting
	0.97 (0.94-0.99)
	0.92 (0.83-0.99)
	0.88
	0.79
	0.92
	0.79
	0.79
	0.92

	Clinic nomogram
	0.61 (0.52-0.71)
	0.48 (0.36-0.62)
	0.68
	0.21
	0.86
	0.27
	0.38
	0.74

	Clinic-machine learning nomogram
	0.96 (0.92-0.98)
	0.93 (0.87-0.98)
	0.90
	0.77
	0.95
	0.80
	0.85
	0.91


AUC: Area under the curve; AUPRC: Area under the precision-recall curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative predictive value.

Table 5 Performance of clinic-machine learning nomogram in the testing set
	Model
	AUC (95%CI)
	AUPRC (95%CI)
	Accuracy (%)
	Sensitivity (%)
	Specificity (%)
	F1 score
	PPV
	NPV

	Clinic-machine learning nomogram
	0.95 (0.93-0.99)
	0.83 (0.71-0.92)
	0.81
	0.52
	0.97
	0.65
	0.89
	0.79


AUC: Area under the curve; AUPRC: Area under the precision-recall curve; CI: Confidence interval; PPV: Positive predictive value; NPV: Negative predictive value.
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