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Abstract
Background  Colorectal cancer (CRC) is a major contributor to cancer-related mortality, with liver metastases developing 
in approximately 25% of affected individuals. The presence of liver metastasis significantly deteriorates the prognosis for 
patients. The objective of this study is to predict liver metastasis in CRC patients by developing machine learning (ML)-
based models, thereby aiding clinicians in the decision-making process for appropriate interventions.
Methods  Retrospective analysis was performed using the Surveillance, Epidemiology, and End Results (SEER) database, 
and cases with CRC from 2010 to 2015 were extracted to the downstream analysis. Logistic regression (LR), Random For-
est (RF), Gradient Boosting Machine (GBM), Extreme Gradient Boosting (XGBoost), Categorical Boosting (CatBoost), and 
LightGBM are applied to develop machine learning (ML) models to predict liver metastasis of CRC patient. To optimize 
the models, an improved weight-balancing algorithm was employed, enhancing the performance of the classifiers. The 
six models were tenfold cross-validated, and the optimal model was selected based on a combination of performance 
metrics. Shapley additive explanation (SHAP) was utilized to interpret the best-performing ML models globally, locally, 
and interactively. To ensure the model’s reliability and generalizability, an external validation cohort of CRC cases from 
2018 to 2021, obtained from a separate SEER database, was used for external evaluation.
Results  In total, 50,062 patients with CRC were included in the analysis, with 5604 patients occurring liver metastasis. 
Among the six models evaluated, the CatBoost model showed excellent performance with the highest AUC of 0.8844. 
Moreover, the CatBoost model also outperformed the others in terms of recall (0.8060) and F1-score (0.6736). SHAP-based 
summary and force plots were used to interpret the CatBoost model. The interpretability analysis revealed that elevated 
carcinoembryonic antigen (CEA) levels, systemic therapy, N and T stages, and chemotherapy performed were the most 
significant indicators for predicting liver metastasis according to the optimal model. Furthermore, systemic therapy was 
suggested to increase liver metastasis risk in N0 stage patients, while it appeared to be beneficial in patients with lymph 
node metastasis. Preoperative radiation therapy was found to be more effective than postoperative radiation therapy. 
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Validation using an external cohort of CRC cases from 2018 to 2021 further confirmed the robustness and stability of the 
CatBoost model, as its overall performance remained consistent with the internal validation results.
Conclusion  Elevated levels of carcinoembryonic antigen (CEA) have been identified as a crucial clinical predictor for liver 
metastasis in CRC patients. Furthermore, the administration of systemic therapy to patients who do not exhibit lymph 
node involvement has been found to increase the risk of liver metastasis. In terms of radiation therapy, preoperative 
radiation appears to be more efficacious in controlling the risk of liver metastasis compared to postoperative radiation. 
This finding underscores the importance of optimizing treatment strategies based on the specific clinical context and 
patient characteristics.
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1  Introduction

Colorectal cancer (CRC) is the third most common cancer globally and the second leading cause of cancer-related 
deaths, resulting in over 935,000 fatalities annually, according to the Global Cancer Statistics 2020 [1]. Despite significant 
advances in CRC diagnosis and treatment in recent years, the five-year survival rate remains relatively low. This is largely 
because most patients are diagnosed at an advanced stage or with distant metastases. Studies indicated that approxi-
mately 25% of CRC patients have developed metastases by the time of their initial diagnosis [2]. Over the course of the 
disease, up to 50% of patients will experience distant metastases, with liver metastasis being the most prevalent [3]. Even 
after radical resection, there remains a 30% chance of developing liver metastases [4]. For patients with untreated liver 
metastases, the median survival is about 6 months [5]. In contrast, surgical resection of liver metastases or achieving no 
evidence of disease (NED) can extend median survival to 39 months and increase the five-year survival rate to 37.1%, 
according to a recent multicenter study [6].

Therefore, identifying individuals at higher risk for liver metastasis is essential for timely intervention and improved 
overall prognosis accurately. Contrast-enhanced MRI and contrast-enhanced ultrasound are standard techniques for 
screening CRC patients for distant metastases [7]. However, due to the high expense and invasiveness associated with 
enhanced imaging, it is not advisable to use these techniques for colorectal liver metastasis screening in all CRC patients.

Compared to traditional methods, Machine Learning (ML) has emerged as a formidable predictive tool, largely attrib-
uted to its proficiency in managing nonlinear data types. Nevertheless, the limited interpretability of ML models has been 
a significant barrier to their widespread adoption in clinical practice, where transparency and accountability are of para-
mount importance. Recent strides in interpretability techniques, particularly Shapley Additive Explanations (SHAP), have 
substantially enhanced the transparency of ML models. This advancement has paved the way for their more extensive 
application in clinical contexts. SHAP and similar techniques do not merely augment the trustworthiness of ML models; 
they also empower clinicians and researchers with a deeper comprehension of the underlying mechanisms that shape 
predictions.

By elucidating the contributions of individual features and their interactions, these interpretability methods facilitate 
a more nuanced understanding of the model’s decision-making process. This, in turn, enables healthcare professionals 
to make more informed, evidence-based decisions, thereby bridging the gap between the complexity of ML algorithms 
and the practical needs of clinical decision-making. As a result, the integration of interpretable ML models into clinical 
workflows becomes more feasible, promising to improve patient care through data-driven insights.

2 � Methods

2.1 � Data extraction/study population and preprocessing

The dataset employed in this study was derived from the "SEER Research Plus Data, 17 Registries, Nov 2021 Sub 
(2000–2019)," which was generated utilizing the SEER\*Stat software (version 8.4.0.1; National Cancer Institute, USA). 
The criteria for patient inclusion in the study were stringent and specifically defined as follows: 1. Patients were diag-
nosed with colorectal cancer, a diagnosis that was confirmed through histopathological examination, in strict adherence 
to the guidelines set forth by the International Classification of Diseases for Oncology, Third Edition (ICDO-3) and the 
World Health Organization (WHO) 2008 standards. 2. For each patient included in the study, colorectal cancer was the 
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sole primary malignancy diagnosed. This criterion ensured that the study cohort was homogenous with respect to the 
primary cancer type, thereby minimizing potential confounding factors related to multiple primary cancers.

Two types of characteristics were collected from the SEER database: demographic and pathological. The demographic 
features include age at diagnosis, sex, race, rural–urban continuum, and marital status. The pathological features encom-
pass liver, bone, and brain metastasis, T and N stage, grade, perineural invasion recode, tumor size, carcinoembryonic 
antigen (CEA) pretreatment interpretation recode, tumor deposits recode, chemotherapy recode, surgery type, surgery 
and radiation sequence, surgery and systemic therapy sequence, as well as the number and ratio of positive regional 
nodes. These characteristics were analyzed to understand their impact on the outcomes of colorectal cancer liver metas-
tasis. By examining both patient demographics and disease-specific factors, the analysis provides valuable insights into 
the interplay between these elements in determining patient prognosis.

The exclusion criteria used for this analysis are illustrated in Fig. 1. As part of preparing the dataset, we also imple-
mented several consolidation strategies to streamline certain categories and address missing values. Given that missing 
data accounted for only a small proportion of the dataset, imputation techniques were intentionally omitted to preserve 
data integrity and minimize the risk of introducing biases. Instead, missing values, along with some uncertain categories, 
were consolidated into broader, predefined categories to ensure consistency and facilitate interpretation. This approach 
not only reduced sparsity but also maintained the robustness and reliability of subsequent analyses.

For instance, in the "Race" category, "American Indian/Alaska Native" and "Unknown" were merged into "Others" to 
reduce sparsity. Similarly, for the "Rural–Urban Continuum," records marked as "Unknown," "Missing," and "No Match" were 
grouped into "Others" to ensure consistency. Additionally, for surgery type, "RX Summ–Surg Prim Site (1998 +)" was utilized 

Fig. 1   Flowchart of research framework



Vol:.(1234567890)

Analysis	  
Discover Oncology          (2025) 16:164  | https://doi.org/10.1007/s12672-025-01871-2

to consolidate all surgery codes into a single category labeled "Surgery performed," while entries with the code of 0 were 
categorized as "No Surgery." These consolidations were necessary to facilitate cleaner analysis and interpretation of the data.

The overall research framework including data preprocessing procedure is illustrated in Fig. 1.

2.2 � Statistical analyses

For predictive modeling in this study, the scikit-learn Python library, a widely recognized and robust toolkit for machine 
learning, was utilized in conjunction with various model packages to train the predictive models. Prior to the model-building 
phase, categorical variables were manually encoded to ensure they were represented in a format that could be effectively 
processed by machine learning algorithms. This manual encoding process was carefully performed to preserve the integrity 
and interpretability of the data, minimizing potential biases introduced by automated encoding methods. Subsequently, 
the dataset was subjected to a random division process. Specifically, 70% of the patients were strategically allocated to the 
training cohort, which served as the foundation for the models to learn the underlying patterns and relationships within 
the data. The remaining 30% of the patients were assigned to the testing cohort, which was reserved for evaluating the 
performance and generalizability of the trained models. This division ratio is a commonly adopted approach in machine 
learning, as it strikes a balance between providing sufficient data for model training and retaining a substantial portion for 
unbiased model assessment.

To ensure randomness and reproducibility during dataset splitting, stratified sampling was employed by specifying 
“stratify = y” in the function used to divide the data into training and testing cohorts. This approach maintained the original 
proportion of positive and negative classes (i.e., presence or absence of lung metastasis) within each subset, minimizing 
sampling bias and ensuring that both cohorts accurately reflected the overall class distribution in the dataset. By effectively 
addressing class imbalance, this method enhanced the reliability and robustness of the experimental results.

Feature selection was performed using two approaches—Lasso and ElasticNet regression—to identify the most relevant 
features for model development and eliminate those with limited predictive value. This study employed a range of predictive 
models, spanning from classical regression algorithms to advance nonlinear machine learning techniques, to comprehen-
sively evaluate predictive performance and enhance the credibility of the results. Logistic Regression (LR), a classical linear 
model, was included as a baseline due to its simplicity, efficiency, and interpretability, making it a widely used benchmark for 
assessing the performance of more complex models. Random Forest (RF), an ensemble learning algorithm based on deci-
sion trees, improves robustness and generalization by aggregating multiple decision trees, effectively mitigating overfitting. 
Gradient Boosting Machines (GBM), LightGBM, and XGBoost utilize gradient boosting frameworks to iteratively minimize 
prediction errors, with LightGBM optimized for high-dimensional and sparse data, and XGBoost offering advanced regu-
larization and parallel computing capabilities for enhanced performance. CatBoost was selected as a sophisticated gradient 
boosting technique designed to handle categorical features and deliver high performance [8].

During the model training stage, grid search and ten-fold cross-validation were employed to optimize hyperparameters 
and evaluate performance. Specifically, the dataset was divided into ten equally sized subsets. In each iteration, nine sub-
sets were used as the training set, and the remaining one served as the validation set. This process was repeated ten times, 
cycling through all subsets. Within this framework, grid search systematically explored combinations of hyperparameters 
under the ten-fold cross-validation setup to identify the optimal configuration, ensuring the best model performance on 
the validation set. This approach effectively minimized overfitting risks while improving the robustness and generalizability 
of the performance evaluation.

The predictive performance of the six models was evaluated using ROC-AUC curves, precision-recall curves, and calibra-
tion plots. In addition, their precision, recall, and F1 scores were assessed. The dataset used in this study was highly imbal-
anced, with a total of 50,062 colorectal cancer patients, of whom only 5604 had liver metastases. If not properly addressed, 
this imbalance could lead the models to favor the majority class and neglect accurate classification of the minority class, 
which, in this study, is the subset of patients with liver metastases—our primary research focus. To address this issue, the 
study implemented a cost-sensitive learning approach by applying a weighted cross-entropy loss function to optimize the 
models. The formula for the proposed model improvement method is:

where y represents the actual class of the sample, and p is the predicted probability of the sample belonging to the posi-
tive class., the terms w0 and N0

N1

 are the weights assigned to the negative and positive classes, respectively. This weighted 

Lweighted(y, p) = −
N0

N1

⋅ ylog(p) − w0 ⋅ (1 − y)log(1 − p)
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loss function is designed to address class imbalance by assigning a higher weight to the minority class (liver metastasis 
class), and a lower weight to the majority class (negative class). The weight N0

N1

 scales the contribution of the positive class 

in proportion to the imbalance ratio, ensuring that the model gives more attention to the minority class during 
training.

During training process, the higher weight for minority class samples increases their contribution to the total loss, result-
ing in larger gradients and more significant adjustments to reduce misclassification of these samples. Conversely, the lower 
weight for majority class samples decreases their penalty for misclassification, preventing the model from overfitting to the 
majority class and ignoring the minority class. Eventually, this weighting mechanism enhances the model’s sensitivity to all 
classes, improving its ability to learn from imbalanced data and boosting performance in practical applications.

SHAP is a versatile method used for both individual predictions and global interpretation of machine learning models [9]. 
Rooted in game theory, SHAP applies Shapley values to optimally distribute credit among features, quantifying their impact 
on model predictions. SHAP force plots offer a clear and intuitive visualization of how individual features influence a specific 
prediction, facilitating a deeper understanding of the model’s decision-making process. For global interpretation, SHAP 
not only highlights the importance of each feature but also elucidates their interactions and relationships with the model’s 
output. Furthermore, SHAP ensures that predictions are fairly distributed across different feature values, thereby enhancing 
the model’s interpretability and reliability. In this study, SHAP feature importance assessment was employed for the global 
interpretation of the optimal model, illustrating how individual predictions can be explained both locally and interactively.

3 � Results

3.1 � Patient basic characteristics

A total of 50,062 CRC patients from the SEER database were included in this study. The baseline characteristics of these 
patients are presented in Table 1. Among the patients, 24,115 (48.2%) were female, and the majority (77.6%) were white. A 
total of 5604 patients developed liver metastases, representing 11.3% of the overall cohort. Additional parameters, including 
marital status, rural–urban continuum, TNM stage, tumor size, CEA level, perineural invasion, tumor deposits, positive regional 
lymph nodes, lymph node positivity rate, and occurrences of lung, bone, and brain metastases, as well as therapeutic strate-
gies, were also collected for further analysis. With the exception of the rural–urban continuum, all other demographic and 
clinical features showed significant differences between the liver metastasis group and the no liver metastasis group (Table 1).

3.2 � Features selection in models

In this study, Lasso and ElasticNet regression techniques were employed as feature selection algorithms to identify the most 
significant variables for constructing the predictive model. Notably, as depict in Fig. 2, the outcomes of these two methods 
demonstrated a striking degree of similarity.

This convergence of results underscored the stability and validity of the features that were ultimately selected for further 
analysis. It is noteworthy that certain variables, namely Rural–Urban Continuum, Surgery Performed, and Brain Metastasis, 
displayed only tenuous correlations with the target variable. This observation implied that these variables possessed a rela-
tively low predictive capacity and thus were deemed to be of limited utility in the context of the model.

Consequently, a decision was made to exclude these aforementioned variables from the subsequent model training phase. 
This exclusion was predicated on the rationale that incorporating variables with weak predictive associations could dilute 
the overall performance and accuracy of the model. By omitting such variables, the focus could be more sharply directed 
towards those features that exhibited stronger and more meaningful relationships with the target variable, thereby enhanc-
ing the model’s ability to generate accurate and reliable predictions.

3.3 � Model comparison

Six ML algorithms (LR, RF, XGBoost, GBM, LightGBM and CatBoost) were utilized in the development of prediction 
models. Initially, these models were trained using basic algorithm. As shown in Supplementary Table 1, while the 
models demonstrated strong performance in terms of AUCs, with values of 0.8641, 0.8395, 0.8740, 0.8828, 0.8821 and 
0.8840 for LR, RF, XGBoost, GBM, LightGBM and CatBoost respectively, their recall rates were relatively low at 0.5930, 
0.6361, 0.6306, 0.6228, 0.6313 and 0.6205. This indicates that the models’ ability to accurately identify true cases of 
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Table 1   Baseline 
characteristics of CRC patients 
with and without liver 
metastasis from the SEER 
database (n = 50,062)

Variables Liver metasta-
sis (n = 5604)

No liver metasta-
sis (n = 44,458)

P value

Age, years  < 0.001
 < 60 2522(45.0%) 15,899(2.4%)
 60–69 1526(27.2%) 11,503(25.9%)
 70–79 973(17.4%) 9371(21.1%)
 80–89 520(9.3%) 6613(14.9%)
 > 90 63(1.1%) 1072(2.4%)

Sex  < 0.001
 Male 3083(55.0%) 22,864(51.4%)
 Female 2521(45.0%) 21,594(48.6%)

Race  < 0.001
 White 4224(75.4%) 34,610(77.8%)
 Black 846(15.1%) 4844(10.9%)
 Other (American Indian/AK Native, Asian/Pacific Islander) 534(9.5%) 5004(11.3%)

Marital status  < 0.001
 Married 3136(56.0%) 23,998(54.0%)
 Single 1056(18.8%) 7112(16.0%)
 Divorced/Separated/Unknown 1412(25.2%) 13,348(30.0%)

Rural–Urban continuum 0.6555
 ge 1 million 3156(56.3%) 25,137(56.5%)
 250,000 to 1 million 1242(22.2%) 9913(22.3%)
 lt 250 thousand 427(7.6%) 3484(7.8%)
 Unknown/others 779(13.9%) 5924(13.3%)

T stage  < 0.001
 T1 49(0.9%) 3970(8.9%)
 T2 147(2.6%) 7062(15.9%)
 T3 3349(59.8%) 26,198(58.9%)
 T4 2059(36.7%) 7228(16.3%)

N stage  < 0.001
 N0 914(16.3%) 24,658(55.5%)
 N1 2143(38.2%) 12,912(29.0%)
 N2 2547(45.4%) 6888(15.5%)

Grade  < 0.001
 I 197(3.5%) 3214(7.2%)
 II 3862(68.9%) 32,194(72.4%)
 III 1163(20.8%) 6683(15.0%)
 IV 262(4.7%) 1336(3.0%)
 Unknown 120(2.1%) 1031(2.3%)

Tumor size, cm  < 0.001
 < 5 2913(52.0%) 28,639(64.4%)
 > 5 2691(48.0%) 15,819(35.6%)

CEA  < 0.001
 Negative 1009(18.0%) 27,334(61.5%)
 Positive 4578(81.7%) 16,867(37.9%)
 Borderline 17(0.3%) 257(0.6%)

Perineural invasion recode  < 0.001
 No 3744(66.8%) 39,208(88.2%)
 Yes 1860(33.2%) 5250(11.8%)

Tumor deposits  < 0.001
 Negative 3379(60.3%) 37,941(85.3%)
 Positive 1990(35.5%) 5307(11.9%)
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metastasis is relatively poor. In real clinical settings, it is more important to identify as many CRC patients who will 
actually develop liver metastases as possible, even if this may compromise precision, which means that some patients 
may be incorrectly predicted to develop metastasis. Therefore, given the actual higher incidence of liver metastasis 
rate than our data [10] and the necessity to identify more true positive (liver metastases) cases, we subsequently 
adjusted our weight-balanced algorithm (seen in methods) for each model. As shown in Table 2 and Fig. 3A, follow-
ing these adjustments, the six ML models (LR, RF, XGBoost, GBM, LightGBM and CatBoost) showed a much better 
performance in identifying CRC patients who will actually develop liver metastases with recalls of 0.7857, 0.6508, 
0.7862, 0.8049, 0.8039 and 8060, respectively and still demonstrated strong discriminative capacity for detecting liver 
metastasis in CRC patients with AUCs of 0.8638, 0.8198, 0.8685, 0.8820 0.8820 and 0.8844, respectively. Of note, the 
CatBoost model achieved the highest F1-score of 0.6736, the highest recall of 0.8060, and the highest AUC of 0.8844 
among these ML models, indicates that CatBoost overall outperformed the other ML models. Figure 3C presents the 
confusion matrix of the CatBoost model.

Table 1   (continued) Variables Liver metasta-
sis (n = 5604)

No liver metasta-
sis (n = 44,458)

P value

 Unknown 235(4.2%) 1210(2.7%)
Positive regional nodes  < 0.001
 0 nodes 1122(20.0%) 26,713(60.1%)
 1–5 nodes 2666(47.6%) 13,653(30.7%)
 6–10 nodes 1111(19.8%) 2655(6.0%)
 > 10 nodes 705(12.6%) 1437(3.2%)

Lymph node positivity rate, %  < 0.001
 0 1122(20.0%) 26,713(60.1%)
 > 0 and < 0.5 3233(57.7%) 15,442(34.7%)
 > 0.5 and < 1 1105(19.7%) 2045(4.6%)
 1 144(2.6%) 258(0.6%)

Lung metastasis  < 0.001
 No 4813(85.9%) 43,986(98.9%)
 Yes 791(14.1%) 472(1.1%)

Bone metastasis  < 0.001
 No 5478(97.8%) 44,397(99.9%)
 Yes 126(2.2%) 61(0.1%)

Brain metastasis  < 0.001
 No 5582(99.6%) 44,417(99.9%)
 Yes 22(0.4%) 41(0.1%)

Chemotherapy  < 0.001
 No 1341(23.9%) 24,624(55.4%)
 Yes 4263(76.1%) 19,834(44.6%)

Surgery performed  < 0.001
 No/unknown 13(0.2%) 29(0.1%)
 Yes 5591(99.8%) 44,429(99.9%)

Surgery/radiance sequence
 No radiation and/or cancer-directed surgery 5145(91.8%) 37,669(84.7%)
 Radiation prior to surgery 247(4.4%) 4832(10.9%)  < 0.001
 Radiation after surgery 193(3.4%) 1779(4.0%)
 Radiation before and after surgery 19(0.3%) 178(0.4%)

Systemic therapy/surgery sequence
 No systemic therapy and/or surgical procedures 1341(23.9%) 24,610(55.4%)  < 0.001
 Systemic therapy after surgery 3336(59.5%) 14,675(33.0%)
 Systemic therapy before surgery 491(8.8%) 2995(6.7%)
 Systemic therapy both before and after surgery 436(7.8%) 2178(4.9%)
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Furthermore, the performance of the improved CatBoost model was evaluated using the Precision–Recall (P–R) curve 
and calibration performance metrics to further validate its predictive capabilities. As illustrated in Fig. 4A, the CatBoost 
model demonstrated superior performance on the P–R curve, achieving the highest Average Precision (AP) score among 
all models, which highlights its enhanced ability to identify true positive cases of liver metastasis while maintaining 
acceptable precision. Figure 4C presents the calibration performance of the CatBoost model, revealing that it not only 
provides accurate probability estimates but also maintains excellent calibration across different probability thresholds. 
As a result, CatBoost was chosen as the optimal model for predicting liver metastasis.

3.4 � Interpretability analysis

After determining the optimal model for predicting CRC patients with liver metastases, we employed SHAP to interpret 
the output of the optimal model (CatBoost) by quantifying the contribution of each variable to the prediction. Firstly, the 
global explanation describes the overall functionality of the model. As shown in the SHAP important plot (Fig. 5B), the 
mean SHAP values were used to assess the contribution of features to the model, with the results presented in descend-
ing order: CEA, Systemic/Surgery Sequence, T stage, N stage, Systemic/Radiation Sequence, Chemotherapy record and 
Positive Regional Nodes and are the top seven most important variables in the model. Additionally, Lymph Node Positivity 
Rate and Tumor deposits also show the strength of the influence on the prediction model.

Furthermore, the SHAP summary plot (Fig. 5A) visually represents the direction and magnitude of each feature’s impact 
on the model’s predictions. The plot reveals that higher CEA levels, as well as advanced T and N stages, are associated 
with an increased predicted risk of liver metastasis, while a lower value for the Surgery/Radiation sequence feature cor-
responds to a reduced predicted risk of liver metastasis.

After establishing a global understanding of feature importance and their overall impact on the model’s predictions, 
we now turn to the SHAP local analysis to explore the contributions of specific features to individual predictions in greater 

Fig. 2   A Feature selection using lasso coefficients. B Feature selection using ElasticNet coefficients

Table 2   Comparison of the 
performance of six ML models 
in the developing cohort

Bold values indicate better results than other methods

LR, logistic regression; RF, random forest; XGBoost, extreme gradient boosting; GBM, gradient boosting 
machine; AUC, area under curve

Performance LR RF XGBoost GBM LightGBM CatBoost

Precision 0.6406 0.6592 0.6475 0.6486 0.6523 0.6495
Recall 0.7857 0.6508 0.7862 0.8049 0.8039 0.8060
F1-score 0.6574 0.6548 0.6693 0.6667 0.6682 0.6736
AUC​ 0.8638 0.8198 0.8685 0.8820 0.8820 0.8844
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detail. Based on Fig. 6, Elevated CEA levels (Fig. 6A), systemic therapy both before and after surgery (Fig. 6B), advanced 
T (Fig. 6C) or N stages (Fig. 6D) and radiation not performed (Fig. 6E), chemotherapy performed (Fig. 6F) and 10 more 
positive regional nodes (Fig. 6G) were associated with higher predicted risks for liver metastasis. In addition, factors such 
as the number of positive regional nodes, absence of radiation therapy, increased tumor deposits, and lung metastasis 
were also positively correlated with the risk of liver metastasis. Notably, radiation therapy prior to surgery appeared to 
be more effective in reducing the risk of liver metastasis compared to radiation administrated post-surgery.

While the local analysis offers important insights into the contributions of individual features to specific predic-
tions, we now advance our interpretation by examining feature interactions through the SHAP-based interaction 
interpretation plot, which elucidates the joint influence of feature pairs on the model’s predictions. Notably, while sys-
temic therapy was associated with a higher SHAP value, indicating an increased risk of liver metastasis (Fig. 5A), SHAP 
interaction plots revealed that administrating systemic therapy either before or after the surgery had a protective 

Fig. 3   AUROCs and confusion matrix plots for models in the internal and external validation cohorts. A AUROC curves comparing the per-
formance of CatBoost, GBM, Random Forest, XGBoost, LightGBM, and Logistic Regression models in the internal test set, with the corre-
sponding AUC values provided in the legend. B AUROC curves comparing the performance of the same models in the external validation 
set, with AUC values detailed in the legend. C Confusion matrix for the CatBoost model in the internal set, presenting the counts of true 
positives, false positives, true negatives, and false negatives. D Confusion matrix for the CatBoost model in the external validation test set, 
showing the classification results for actual and predicted outcomes, AUROCs and confusion matrix plots for models in the internal and 
external cohort. AUROC, area under the receiver operating characteristic curve; AUC, area under curve
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effect against liver metastasis in CRC patients in N1 and N2 stage or with positive regional nodes (Fig. 7A–D). Interest-
ingly, in N0 patients (Fig. 7C), systemic therapy especially exerted both before and after surgery amplified the liver 
metastasis conversely. This suggests that systemic therapy may be particularly beneficial for patients with lymph 
node metastasis. Similarly, applying systemic therapy to CRC patients at T3 or T4 stage reduced the predicted risk of 
liver metastasis, as evidenced by the diminished SHAP value in Fig. 7E. And increased risk was observed in T1 and T2 
patients receiving systemic therapy, consistent with our prior investigation that patients at early N stage may not be 
suitable to receive supplementary systemic therapy. Meanwhile, chemotherapy interacting with T, N stage showed 
the similar performance (Fig. 7F, G). Furthermore, compared with the single use of either systemic therapy or radia-
tion therapy, combining systemic therapy with radiation therapy appeared to further decrease the liver metastasis 
risk (Fig. 7H, I).

To further elucidate the interactions between key clinical features, SHAP boxplots were generated to visually depict 
the distribution of SHAP values across different subgroups, as shown in Fig. 8A–I. These visualizations correspond to the 
interaction effects described in Fig. 7A–I, providing a clear representation of how combinations of these features influ-
ence the predicted risk of liver metastasis.

To complement the visual analysis, a one-way analysis of variance (ANOVA) was performed to evaluate differences 
between groups if the normality assumption was satisfied. For groups that did not meet the normality assumption, the 
Kruskal-Walli’s test was conducted as a non-parametric alternative. The P-values displayed alongside the boxplots indi-
cate whether the observed differences in SHAP values between subgroups are statistically significant. A P-value < 0.05 
denotes a significant interaction effect, suggesting that the influence of two clinical features on liver metastasis risk is 
interdependent rather than independent. These findings underscore the presence of interactive effects, wherein the 
impact of one feature—such as systemic therapy—may vary depending on another feature, such as tumor stage or 

Fig. 4   Validation of six prediction models. A P–R curve of six models in internal test set. The CatBoost achieved better than the other mod-
els; B P–R curve of six models in external validation set; C Calibration performance in internal test set; D Calibration performance in external 
validation set
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positive lymph node status. This analysis provides additional insights into the nonlinear relationships captured by the 
model, enhancing its interpretability and highlighting its relevance for personalized clinical decision-making.

The SHAP method also provides explanations for model predictions at an individual level (Fig. 9), which is valuable for 
personalized treatment in clinical practice and aids in decision-making for clinicians and patients. Three representative 
cases were selected in the figure. The plots display the individual predicted value for the risk of liver metastasis and the 
contributions of each characteristic (represented by the arrows). Red arrows denote positive contributions to the pre-
dicted values, while blue indicate negative contributions. The length of the arrows reflects the importance of predictors, 
with longer arrows signifying more important predictors. As shown in Fig. 9A and B, for the first and second patients, the 
absence of systemic therapy, negative CEA levels, earlier N stages, no chemotherapy and no positive regional node predict 
a lower risk of liver metastasis (Fig. 9A, B). Conversely, in Fig. 9C, advanced age, elevated CEA level, higher on stage and 
T stage, systemic therapy prior to surgery and absence of radiation therapy are key predictors of liver metastasis for the 
first patient. By accumulating SHAP values, the force plot visually demonstrates the formation process of the prediction 
result for a specific patient, helping us to understand in depth the decision-making mechanism of the model.

3.5 � External validation

We validated the external cohort using data obtained from the SEER Research Data, 12 Registries (November 2023 submis-
sion) for the years 2018 to 2021. The data for these years were preprocessed using the same methodology as previously 
applied, with the exception that the T and N stages were classified based on the AJCC 8th edition criteria.

In the external validation cohort, we first evaluated the baseline models shown in Supplementary Table 2, which 
were previously trained without applying weight-balanced techniques. The AUC values were 0.8689 for LR, 0.8395 for 
RF, 0.8246 for XGBoost, 0.8774 for GBM, 0.8607 for LightGBM, and 0.8710 for CatBoost. Although the AUC were slightly 
lower than their performance in the internal test set, they remained relatively high, indicating good discriminative abil-
ity. However, consistent with the internal training cohort, the recall rates, which assess the ability to accurately identify 
true cases of metastasis, remained relatively low, with values of 0.5688 for LR, 0.6361 for RF, 0.5745 for XGBoost, 0.5746 
for GBM, 0.5839 for LightGBM, and 0.5661 for CatBoost.

This study then evaluated the trained weight-balanced techniques enhanced models using external validation cohort. 
As presented in Supplementary Table 3 and Fig. 3B, the AUC values exhibited remain stable, reaching 0.8622 for LR, 0.8212 
for RF, 0.8341 for XGBoost, 0.8711 for GBM, 0.8637 for LightGBM, and 0.8788 for CatBoost. In addition, the recall rates 

Fig. 5   SHAP-based global interpretation of the CatBoost model. A The SHAP Summary Plot. Positive SHAP values indicate that the feature 
increases the predicted risk, while negative SHAP values suggest a reduction in the predicted risk. Each dot represents a SHAP value for a 
particular feature in an individual patient. The position along the x-axis shows the SHAP value’s magnitude and direction (positive or nega-
tive), while the y-axis groups the dots by feature. The color of the dots encodes the feature’s value. For continuous features, red corresponds 
to higher values and blue to lower values. For binary features, red represents “yes” or “true”, while blue indicates “no” or “false”. B Feature 
Importance Plot. Features are ranked by their importance scores
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showed more notable improvements, consistent with the internal test set, reaching 0.7813 for LR, 0.5610 for RF, 0.7156 
for XGBoost, 0.7967 for GBM, 0.7715 for LightGBM, and 0.8063 for CatBoost. Similarly, the F1-scores were enhanced, with 
values of 0.5877 for LR, 0.5735 for RF, 0.6102 for XGBoost, 0.5941 for GBM, 0.6169 for LightGBM, and 0.6030 for CatBoost. 
Figure 3D presents the confusion matrix of the CatBoost model in the external validation set, and the precision-recall 
curve comparisons and calibration plots are shown in Fig. 4B and D. These results suggest that the weight-balancing 
techniques improved the models’ ability to identify true cases of metastasis while also enhancing overall predictive 
performance, as demonstrated in the external validation set.

4 � Discussion

In this study, we have developed and validated machine learning models using a carefully selected set of clinically 
relevant features. These features include CEA levels, the sequence of systemic therapy and surgery, T stage, N stage, 
the sequence of systemic therapy and radiation, chemotherapy records, and the presence of positive regional nodes. 
These models aim to predict the risk of liver metastasis in colorectal cancer patients. Importantly, these features are 
readily accessible during hospitalization, which facilitates the practical application of the models in clinical settings. This 

Fig. 6   SHAP-based local interpretation plot of the CatBoost model. SHAP local plots for the top 7 most important features. Higher SHAP val-
ues indicate that the feature contributes to increasing the predicted risk, while negative SHAP values suggest a contribution to reducing the 
predicted risk. Each dot represents an individual patient in the test set, showing the SHAP value for a specific feature in that prediction. A 
SHAP values for the feature “CEA Record” showing its impact on risk prediction. B SHAP values for the feature “Systemic/Surgery Sequence” 
illustrating its influence on predicted outcomes. C SHAP values for the feature “T Stage” highlighting its contribution to the model’s risk 
predictions. D SHAP values for the feature “N Stage” and its effect on the predicted risk. E SHAP values for the feature “Surgery/Radiation 
Sequence” showing its impact on prediction. F SHAP values for the feature “Chemotherapy Recode” demonstrating its role in the model’s 
predictions. G SHAP values for the feature “Positive Regional Nodes” and its contribution to predicted risk. SHAP, Shapley additive explana-
tions
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accessibility allows for seamless integration into clinical workflows, enabling clinicians to make more informed decisions 
regarding the risk of liver metastasis in CRC patients.

The performance of each model was rigorously assessed using a comprehensive set of evaluation metrics, including 
the AUROC, PR curves, calibration plots, recall, precision, and F1-scores. Among the models tested, CatBoost exhibited 
superior predictive performance, consistently outperforming the others across these metrics.

Furthermore, SHAP analysis was employed to interpret the predictions generated by the CatBoost model. This pro-
vided valuable insights into the decision-making process of the model, enhancing its interpretability. By elucidating 
the contributions of individual features to the model’s predictions, SHAP analysis helps clinicians and researchers better 
understand the underlying factors driving the model’s behavior. This interpretability is crucial for gaining confidence in 
the model’s predictions and for integrating the model into clinical decision-making processes.

Considering the complexity of CRC and the challenges associated with early-stage detection of CRLM, it is essential 
to integrate medical knowledge with technological advancements. By customizing artificial intelligence and machine 
learning for medical diagnosis, these diagnostic challenges could be potentially bridged. Currently, machine learning 

Fig. 7   SHAP-based interaction plot of the CatBoost model. The values of the first feature are represented by the x-axis, and the values of 
the second feature are represented by the color gradient. SHAP values are represented by the y-axis. All displayed features are categorical 
variables. A Interaction between “Systemic/Surgery Sequence” and “N Stage”. B Interaction between “Systemic/Surgery Sequence” and “Posi-
tive Regional Nodes”. C Interaction between “N Stage” and “Systemic/Surgery Sequence”. D Interaction between “Positive Regional Nodes” 
and “Systemic/Surgery Sequence”. E Interaction between “T Stage” and “Systemic/Surgery Sequence”. F Interaction between “T Stage” and 
“Chemotherapy Recode”. G Interaction between “N Stage” and “Chemotherapy Recode”. H Interaction between “Systemic/Surgery Sequence” 
and “Surgery/Radiation Sequence”. I Interaction between “Surgery/Radiation Sequence” and “Systemic/Surgery Sequence”. For systemic/
surgery sequence, 0 represents no systemic therapy and/or surgical procedures, 1 represents systemic therapy after surgery, 2 represents 
systemic therapy before surgery, and 3 represents systemic therapy both before and after surgery. For N stage, 0 represents N0, 1 repre-
sents N1, and 2 represents N2. For positive regional nodes, 0 represents 0 nodes, 1 represents <5 nodes, and 2 represents 6-10 nodes. For T 
stage, 0 represents T1, 1 represents T2, 2 represents T3, and 3 represents T4. For surgery/radiation sequence, 0 represents no radiation and/
or cancer-directed surgery, 1 represents radiation prior to surgery, 2 represents radiation after surgery, and 3 represents radiation before 
and after surgery. For chemotherapy record, 0 represents no chemotherapy and 1 represents chemotherapy applied. SHAP, Shapley additive 
explanations
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models combining easily accessible demographic and clinical data has be constructed to improve the predictive accuracy 
and utility of distant lymph node metastases in hepatocellular carcinoma patients [11]. To date, studies using machine 
learning on predicting the risk of liver metastasis in CRC have been rarely reported. It’s urgent to use machine learning 
algorithms to predict liver metastasis from colorectal cancer. In this study, we selected six different models to construct 
a prediction model for the better performance with less feature engineering compared to logistic regression. And these 
machine learning models perform well in capturing complex, non-linear relationships, works well with large datasets, is 
less sensitive to outliers and can automatically capture interactions between features. Our analysis illustrated the signifi-
cance of various variables, highlighting their distinct contributions to the model’s predictive performance. Furthermore, 
in this developed Catboost model, we constructed top seven feature’s partial dependence plots including interacting 
with other features to analyze further the correlation between each variable and the liver metastasis risk.

In terms of importance, pretreatment CEA emerged as the most significant feature. CEA is a widely recognized tumor 
marker with considerable clinical value in the differential diagnosis of malignant tumors, disease monitoring, and the 
evaluation of treatment efficacy. Numerous studies have established a correlation between pre-treatment CEA levels and 
the likelihood of metastasis [12–14]. For instance, in 2010, Wu et al. observed that CEA levels are often significantly higher 

Fig. 8   SHAP-based box plots depicting interaction effects between clinical features. The box plots show the distribution of SHAP values 
across different subgroups for the key clinical features, highlighting their combined influence on the predicted risk of liver metastasis. Each 
box plot corresponds to the interaction effects visualized in Figure 7 (A–I), providing a complementary perspective to better understand 
the model’s predictions. A SHAP box plot showing the interaction between “Systemic/Surgery Sequence” and “N Stage”. B SHAP box plot 
depicting the interaction between “Systemic/Surgery Sequence” and “Positive Regional Nodes”. C SHAP box plot illustrating the interaction 
between “N Stage” and “Systemic/Surgery Sequence”. D SHAP box plot showing the interaction between “Positive Regional Nodes” and “Sys-
temic/Surgery Sequence”. E SHAP box plot highlighting the interaction between “T Stage” and “Systemic/Surgery Sequence”. F SHAP box 
plot depicting the interaction between “T Stage” and “Chemotherapy Recode”. G SHAP box plot showing the interaction between “N Stage” 
and “Chemotherapy Recode”. H SHAP box plot illustrating the interaction between “Systemic/Surgery Sequence” and “Surgery/Radiation 
Sequence”. I SHAP box plot highlighting the interaction between “Surgery/Radiation Sequence” and “Systemic/Surgery Sequence”. SHAP, 
Shapley additive explanations
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in patients with liver metastasis than in those without liver metastasis [15]. Additionally, an increasing number of studies 
have suggested that CEA actively promotes the metastatic spread of colorectal cancer cells to the liver, representing a 
promising therapeutic target for managing liver metastasis. Elevated CEA expression in tumor cells may destabilize inter-
cellular adhesion, disrupt cellular organization, inhibit immune responses, and suppress immune surveillance, thereby 
facilitating cell migration and invasion [16]. Therefore, colorectal cancer patients with elevated preoperative CEA levels 
require more vigilant postoperative monitoring to ensure timely detection of liver metastases.

In our analysis, the Systemic/Surgery Sequence ranked second in significance after CEA. Radical surgical resection of 
colorectal cancer lesions remains the most effective curative approach to date and is crucial for preventing tumor pro-
gression. Preoperative neoadjuvant therapy aims to eliminate micro metastases that may not be detected by imaging 
studies, thereby reducing the risk of distant metastasis following radical surgery [17]. Our study indicates that systemic 
therapy, regardless of other clinical characteristics, whether administered preoperatively or postoperatively, is positively 
correlated with liver metastasis, which contradicts general expectations. This unexpected relationship may be attributed 
to the activation of specific gene expression patterns that facilitate the metastasis process, as well as the increased pro-
duction of exosomes, which are known to promote the spread of cancer cells [18, 19]. Furthermore, we speculate that 
patients with advanced-stage colorectal cancer, particularly those who have already developed lymph node metastasis 
or distant metastasis, are more likely to undergo systemic treatment and subsequently experience liver metastasis. 
Notably, systemic therapy reduces the incidence of liver metastasis in CRC patients with higher N stages or more positive 
regional nodes, while not in N0 patients. This suggests that systemic therapy may be useful to prevent patients with posi-
tive regional nodes from liver metastasis, not suitable to the N0 patients. Similar to a recent study, neoadjuvant therapy 
is not required in N0 and M0 patients despite of the differences in surgical treatment [20]. The results of the SHAP value 
analysis indicate that patients with regional lymph node invasion are at a significantly higher risk of liver metastasis. 
This elevated risk may be attributed to the fact that invaded regional lymph nodes can serve as metastatic stations that 
facilitate the proliferation of tumor cells [21]. In total, our study indicates that effective systemic therapy either before if 
detected preoperatively or after the surgery should be considered for patients in N1 and N2 stages to provide protective 
effects against liver metastasis, these results indicate that immediate surgical intervention alone may not be the most 
appropriate strategy for this subset of patients.

Former studies have shown that T stage is highly correlated with distant metastasis [22, 23]. Stages T3 and T4 have 
been identified as independent risk factors for distant metastasis [22, 23]. As the depth of tumor invasion increases, 
the risk of tumor cells detaching and spreading through vessels heightens, ultimately leading to settlement in the 
liver. Our present study also identified T stage as an important risk factor for liver metastasis in colorectal cancer. 
Besides, the depence plot between T stage and Systemic/Surgery Sequence suggests that adding systemic therapy 
espcially exerting both prior and after surgery is benefical to the patients in T3 and T4 stage against liver metasta-
sis. In addition, our study indicates that radiation therapy reduces the incidence of liver metastasis in patients with 
colorectal cancer. Several potential mechanisms may explain the protective effect of radiotherapy, including the 

Fig. 9   Representative SHAP force plots for individual model predictions. A, B, and C represent three randomly selected patients from the 
test set, illustrating the contribution of each feature to the prediction outcomes. The base value represents the average of all prediction 
results. Feature values were listed at the plot bottom, with red indicating positive contributions to the model’s prediction values and blue 
representing negative effects
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eradication and reduction of primary tumor cells, the neutralization of micrometastases originating from colorectal 
cancer, and the modulation of the immune response [24, 25].

Tumor deposits (TDs) denote the sporadic dissemination of cancer cells within the mesocolon or mesorectum. Lord 
et al. found that TDs in combination with metastatic lymph nodes are the strongest predictor of peritoneal metastasis 
[26]. Similarly, Yamano et al. found that TDs are independent poor prognostic factors for recurrence-free survival in 
patients with lymph node metastasis, and colorectal cancer patients with positive iTDs (iTDs: cancer cell aggregates 
with lymphatic or perineural infiltration or cancer cell clusters) are frequently associated with a higher incidence of 
liver metastasis. Other researchers also reported a strong correlation between the presence of tumor deposits and 
heightened risks of local recurrence and distant metastasis in individuals with colorectal cancer, which consequently 
affects their overall survival rates [27–29]. Our model supports the notion that TDs are significantly associated with 
an increased risk of liver metastasis, suggesting more intensive follow-up are needed if tumor deposits are detected 
in surgical pathology.

Colorectal cancer is a prevalent malignancy of the digestive tract, characterized by a high propensity for distant 
metastasis, which substantially contributes to cancer-related mortality. The liver represents the most common metastatic 
site, highlighting the necessity of developing predictive models to identify patients at elevated risk of liver metastases 
and to facilitate early intervention strategies. Machine learning techniques have emerged as powerful tools for predic-
tive modeling in clinical research. However, their inherent complexity and opacity often lead to their characterization 
as “black boxes,” posing challenges for clinical adoption due to limited interpretability. Such concerns may undermine 
clinicians’ confidence in incorporating ML-based predictions into decision-making processes. A major strength of this 
study lies in its application of the SHAP method to address these interpretability challenges. By providing both global 
and local explanations, as well as insights into feature interactions, the SHAP method elucidates the decision-making 
processes of the ML models. This enhanced transparency improves the interpretability and reliability of the predictions, 
promoting their acceptance in clinical practice.

This study has several limitations that should be acknowledged. The reliance on data exclusively from the SEER data-
base, a retrospective dataset, may introduce inherent selection bias despite the implementation of stringent exclusion 
criteria, as well as the use of datasets from different time periods for external validation. These limitations could skew 
the findings and reduce their applicability to a broader patient population. The absence of an in-hospital cohort further 
restricts the generalizability of the results, as they may not fully capture the diverse clinical scenarios encountered in 
various hospital settings. Moreover, the lack of detailed treatment information, such as specific radiotherapy and chemo-
therapy regimens, is a significant drawback. This limitation hampers a comprehensive evaluation of how different treat-
ment variations impact the incidence of liver metastases. Consequently, the interpretation of the results may be affected, 
as the study cannot fully account for the nuances of treatment-related factors that could influence patient outcomes. 
Additionally, while CEA was identified as a significant predictor in this study, its sensitivity is not optimal. Elevated CEA 
levels are observed in only a subset of CRC patients and can be influenced by external factors, such as smoking. This 
introduces potential bias and suggests that CEA alone may not be sufficient for accurate risk stratification. In light of 
these limitations, further studies that integrate additional biomarkers or complementary.
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