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Abstract
Colorectal liver metastasis (CRLM) is a primary factor contributing to poor prognosis and metastasis in colorectal cancer 
(CRC) patients. This study aims to develop and validate a machine learning (ML)-based risk prediction model using con-
ventional clinical data to forecast the occurrence of CRLM. This retrospective study analyzed the clinical data of 865 CRC 
patients between January 2018 and September 2024. Patients were categorized into non-CRLM and CRLM groups. The least 
absolute shrinkage and selection operator regression was employed to identify key clinical variables, and five ML algorithms 
were utilized to develop prediction models. The optimal model was selected based on performance metrics including the 
receiver operating characteristic curve, precision-recall curve, decision curve analysis, and calibration curve, which col-
lectively evaluated both the predictive accuracy and clinical utility of the model. Among the five ML algorithms evaluated, 
Random forest demonstrated the best performance. Leveraging the Random forest algorithm, we developed the CRLM-Lab6 
prediction model, which incorporates six features: LDH, CA199, ALT, CEA, TBIL, and AGR. This model exhibits robust 
predictive performance, achieving an area under the curve of 0.94, a sensitivity of 0.88, and a specificity of 0.93. To enhance 
its practical utility, the model has been integrated into an accessible web application. This study developed a novel risk 
prediction model by integrating ML algorithms with conventional laboratory test data to evaluate the likelihood of CRLM 
occurrence. The model demonstrates excellent predictive performance and has significant clinical application potential.
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Introduction

Colorectal cancer (CRC) is one of the most prevalent malig-
nant tumors of the digestive tract. According to global sta-
tistics, CRC ranks third in incidence and second in mortal-
ity among all cancers, with both rates showing an upward 
trend annually [1]. Approximately 30–40% of CRC patients 
present with metastasis at the time of diagnosis [2, 3]. The 
liver is the most common site for distant metastasis in CRC 

patients [4]. Within five years of diagnosis, approximately 
12.8% of CRC patients develop colorectal liver metastasis 
(CRLM), which is a significant factor contributing to treat-
ment failure and patient mortality [5–7]. Despite advance-
ments in imaging techniques such as CT, MRI, and PET-
CT, the diagnostic accuracy for smaller metastatic lesions 
remains limited [8, 9]. Moreover, conventional tumor mark-
ers like carcinoembryonic antigen (CEA) and carbohydrate 
antigen 199 (CA199) exhibit suboptimal sensitivity and 
specificity for detecting CRLM [10]. Therefore, exploring 
new methods and markers for early diagnosis of CRLM is 
crucial.

With the rapid advancement of information technol-
ogy and the digital transformation in the medical field, the 
volume and diversity of medical data are expanding at an 
unprecedented rate. These data primarily originate from 
laboratory information systems (LIS) and electronic medi-
cal record (EMR) systems [11]. Numerous studies have 
investigated the predictive and prognostic significance of 
individual variables within this dataset for CRLM patients, 
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such as CEA, alanine aminotransferase (ALT), and biliru-
bin levels [12–14]. Notably, these variables often exhibit 
intricate interdependencies. Unraveling these relationships 
through various analytical strategies is crucial for enhancing 
the quality of medical services and optimizing the alloca-
tion of healthcare resources [15]. Machine learning (ML), 
a subset of artificial intelligence, holds significant potential 
in aiding the diagnosis of CRLM [16]. ML algorithms can 
efficiently process and analyze large-scale, high-dimensional 
medical datasets, uncovering hidden disease patterns and 
associations that provide robust support for early disease 
detection [17, 18]. For instance, Miller et al. [19]. developed 
a Random forest model integrating metabolomics analysis 
with demographic data (age and gender), achieving a speci-
ficity of 0.94 in the CRLM cohort, albeit with limited sen-
sitivity at 0.51.

In this study, we evaluate the predictive performance of 
multiple ML models to identify risk factors associated with 
CRLM and offer novel insights for its early clinical identi-
fication and diagnosis.

Patients and methods

Study population

This study was conducted at Xiangya Hospital, Central 
South University. We retrospectively analyzed 613 CRC 
patients from January 2018 to October 2022, comprising 
373 non-CRLM patients and 240 CRLM patients. These 
patients were included in the discovery cohort for model 
construction. For the validation cohort, we prospectively 
collected data from 252 subjects between January 2023 and 
September 2024, including 160 non-CRLM patients, and 92 
CRLM patients, to evaluate the predictive performance of 
the optimal model. The inclusion criteria were as follows: 
(1) histopathological confirmation of CRLM or non-CRLM; 
(2) no prior radiotherapy, chemotherapy, or hormone therapy 
before admission. Tumor staging was performed according 
to the tumor-node-metastasis (TNM) classification system 
[20]. The exclusion criteria were: (1) concurrent presence 
of other malignant tumors; (2) severe dysfunction of vital 
organs such as the heart and lung; (3) pregnancy or lactation.

Data collection

We collected the basic information of all first laboratory 
tests after admission from the LIS and EMR databases. The 
data included: (1) demographic characteristics such as age 
and gender; (2) Laboratory indicators, including white blood 
cell (WBC), hemoglobin (Hb), platelet count, red cell dis-
tribution width (RDW), mean corpuscular volume (MCV), 
mean platelet volume (MPV), albumin-to-globulin ratio 

(AGR), total bilirubin (TBIL), direct bilirubin (DBIL), total 
bile acids (TBA), ALT, aspartate aminotransferase (AST), 
lactate dehydrogenase (LDH), creatinine, creatine kinase 
(CK), myoglobin (Mb), triglycerides (TG), low-density lipo-
protein cholesterol (LDL-C), high-density lipoprotein cho-
lesterol (HDL-C), CEA and CA199; (3) Pathological data, 
including tumor size, location, T stage, etc. Additionally, 
in this study, we employed the least absolute shrinkage and 
selection operator (LASSO) regression to screen variables 
for incorporation into the ML model. LASSO is a regression 
method that utilizes L1 regularization to introduce a penalty 
term, thereby enabling variable selection, reducing model 
complexity, and mitigating the risk of overfitting.

Data cleaning

(1) Data preprocessing: Exclude detection data with a miss-
ing rate exceeding 30%. Based on the characteristics of the 
data distribution, select appropriate statistical methods that 
accurately reflect the central tendency of variables (e.g., 
median, mean) to impute missing values; (2) Data nor-
malization: Standardize and normalize the four critical ele-
ments—specimen type, test item name, test result unit, and 
test reference range, to mitigate the impact of dimensional 
differences and magnitude disparities among features. This 
enhances the convergence speed and predictive accuracy of 
the algorithm.

Model construction and evaluation

The workflow for constructing the model using ML algo-
rithms is illustrated in Fig. 1. In this study, five distinct ML 
models were employed for training and validation: Logis-
tic regression, Linear support vector classification (Linear 
SVC), Random forest, Decision tree, and Support vector 
machine (SVM). The dataset was randomly divided into a 
training set and a validation set at a ratio of 7:3. The train-
ing set was utilized to develop the ML models, while the 
validation set served to assess their predictive performance. 
Fivefold cross-validation was implemented to identify the 
optimal hyperparameters for each of the five ML models. 
The primary metric for evaluating model performance was 
the area under the receiver operating characteristic (ROC) 
curve (AUC). Additionally, we conducted an in-depth analy-
sis of several other performance metrics, including sensitiv-
ity, specificity, accuracy, precision, F1 score, positive pre-
dictive value (PPV), and negative predictive value (NPV). 
To provide a more comprehensive evaluation of the models, 
we also performed precision-recall curve analysis, decision 
curve analysis, and calibration curve assessment to evaluate 
both the clinical utility and the consistency between pre-
dicted probabilities and actual outcomes. Model construc-
tion and visualization were conducted using the Deepwise 
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and Beckman Coulter DxAI platform (https://​dxonl​ine.​
deepw​ise.​com/​login).

Statistical analysis

Statistical analysis was conducted using SPSS 23.0 and R 
3.6.1. Continuous variables following a normal distribution 
were expressed as mean ± standard deviation, whereas those 
not conforming to a normal distribution were reported as 
median (interquartile range). Categorical variables were 
summarized using percentages. Intergroup comparisons 
were performed using Student's t-test, Mann–Whitney U 
test, or chi-square test, as appropriate. A two-sided P value 
of less than 0.05 was considered statistically significant.

Results

Demographic baseline data

Table 1 summarizes the clinical characteristics of partici-
pants in both the discovery and validation cohorts. A total 
of 865 subjects were included in this study. The discov-
ery cohort comprised 613 CRC patients, including 373 

non-CRLM and 240 CRLM patients. The validation cohort 
consisted of 252 subjects, including 160 non-CRLM and 
92 CRLM patients. In the discovery cohort, no statisti-
cally significant differences were observed between the 
non-CRLM and CRLM groups in terms of age, gender, 
WBC count, Hb, platelet, RDW, MPV, creatinine, CK, Mb, 
HDL-C, tumor size, location, and degree of differentia-
tion (P > 0.05). However, CRLM patients exhibited more 
frequent abnormalities in liver function, characterized by 
elevated levels of TBIL, DBIL, TBA, ALT, and AST, as 
well as increased tumor markers CEA and CA199. Addi-
tionally, there were significant differences between the two 
groups in MCV, TG, AGR, LDH, LDL-C, T stage, and 
lymph node metastasis (P < 0.05). The data distribution 
between the discovery and validation cohorts was largely 
consistent.

Feature selection

To further enhance the interpretability and predictive per-
formance of the model, we employed LASSO regression 
for variable selection. Using tenfold cross-validation, we 
identified nine features with non-zero coefficients: LDH, 
CA199, ALT, CEA, TBIL, AGR, TG, MCV, and lymph 
node metastasis (Fig. 2a, b).

Fig. 1   Flowchart of ML for building the CRLM prediction model

https://dxonline.deepwise.com/login
https://dxonline.deepwise.com/login
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CRLM‑Lab6 prediction model construction

The discovery cohort was utilized for model construction. 
A total of five ML models were employed for performance 
comparison: Logistic regression, Linear SVC, Random for-
est, Decision tree, and SVM. Specifically, each model under-
went training and parameter optimization using the train-
ing set, while the validation set was used to assess model 
performance. Among these algorithms, the Random forest 

model demonstrated superior performance. The AUC of the 
Random forest model in the training set was 1.00 (Fig. 3a). 
Additionally, in the internal validation set, the AUC of the 
Random forest model was 0.93 (Fig. 3b), with a sensitiv-
ity of 0.82, specificity of 0.90, PPV of 0.83, and NPV of 
0.88 (Table 2). Consequently, we selected the Random forest 
algorithm to construct the CRLM prediction model.

We further analyzed the relative importance of each varia-
ble in the Random forest model, ranking them in descending 

Table 1   Baseline characteristics of CRLM and non-CRLM patients

WBC white blood cell, Hb haemoglobin, RDW red cell distribution width, MCV mean corpuscular volume, MPV mean platelet volume, AGR​ 
albumin-to-globulin ratio, TBIL total bilirubin, DBIL direct bilirubin, TBA total bile acids, ALT alanine aminotransferase, AST aspartate ami-
notransferase, LDH lactate dehydrogenase, CK creatine kinase, Mb myoglobin, TG triglycerides, LDL-C low-density lipoprotein cholesterol, 
HDL-C high-density lipoprotein cholesterol, CEA carcinoembryonic antigen, CA199 carbohydrate antigen 199

Variables Discovery cohort Validation cohort

Non-CRLM CRLM P Non-CRLM CRLM P

N = 373 N = 240 N = 160 N = 92

Demographics
Age (Year) 61.0 (54.0–69.0) 60.0 (53.0–68.0) 0.241 64.0 (55.0–68.0) 64.0 (58.0–66.0) 0.331
Gender, Female/Male [n (%)] 162/211 (43.4/56.6) 91/149 (37.9/62.1) 0.176 78/82 (48.8/51.2) 38/54 (41.3/58.7) 0.254
Laboratory routine testing
WBC (109/L) 5.7 (4.8–7.2) 6.1 (4.7–7.9) 0.125 5.4 (4.3–6.6) 5.6 (4.5–7.5) 0.301
Hb (g/L) 116.0 (95.0–130.0) 117.0 (103.8–131.0) 0.122 113.0 (90.0–130.3) 115.5 (101.0–127.0) 0.740
Platelet (109/L) 246.0 (191.0–298.0) 247.5 (184.8–316.0) 0.931 246.0 (187.0–298.0) 216.0 (173.0–274.0) 0.032
RDW (%) 14.5 (13.4–17.3) 14.7 (13.5–17.0) 0.547 14.2 (13.4–17.5) 14.7 (13.8–17.8) 0.115
MCV (fl) 88.1 (82.0–93.3) 90.0 (84.6–94.2) 0.007 88.3 (81.0–92.4) 93.7 (90.4–97.9)  < 0.001
MPV (fl) 8.6 (7.9–9.4) 8.5 (7.9–9.5) 0.812 8.4 (7.8–9.1) 8.7 (8.1–9.8) 0.032
AGR​ 1.4 (1.3–1.6) 1.2 (1.1–1.4)  < 0.001 1.4 ± 0.3 1.3 ± 0.2 0.021
TBIL (μmol/L) 9.5 (6.6–14.0) 13.5 (8.6–20.1)  < 0.001 9.0 (6.6–12.5) 15.5 (10.6–19.7)  < 0.001
DBIL (μmol/L) 2.7 (2.1–3.8) 3.9 (2.7–6.9)  < 0.001 2.8 (2.1–3.7) 3.8 (3.0–5.0)  < 0.001
TBA (μmol/L) 3.3 (1.9–5.8) 4.3 (2.1–7.5) 0.003 3.3 (2.1–5.4) 5.3 (2.9–8.8)  < 0.001
ALT (U/L) 14.0 (10.1–23.0) 23.3 (14.8–37.5)  < 0.001 14.5 (10.5–26.6) 30.5 (20.6–36.5)  < 0.001
AST (U/L) 19.2 (15.5–25.6) 28.7 (20.4–44.2)  < 0.001 19.7 (16.8–25.6) 24.6 (18.6–41.1)  < 0.001
LDH (U/L) 171.0 (145.0–200.0) 270.5 (222.8–353.0)  < 0.001 185.0 (155.9–212.5) 277.0 (195.0–388.3)  < 0.001
Creatinine (μmol/L) 65.0 (54.0–79.0) 68.0 (56.2–78.6) 0.189 63.0 (51.0–77.0) 58.1 (46.0–72.1) 0.037
CK (U/L) 56.2 (38.7–75.6) 57.8 (41.0–80.7) 0.347 53.5 (36.9–69.7) 52.6 (37.6–78.5) 0.700
Mb (ug/L) 40.5 (29.2–52.4) 39.8 (30.1–50.0) 0.523 38.7 (30.1–49.4) 34.6 (26.5–43.8) 0.056
TG (mmol/L) 1.3 (0.9–1.8) 1.5 (1.1–2.2)  < 0.001 1.4 (1.1–1.9) 2.3 (1.5–2.8)  < 0.001
HDL-C (mmol/L) 1.1 (0.9–1.2) 1.1 (0.8–1.2) 0.177 1.0 (0.8–1.2) 0.9 (0.6–1.1) 0.051
LDL-C (mmol/L) 2.9 (2.4–3.3) 3.0 (2.5–3.7) 0.003 2.9 (2.4–3.4) 3.1 (2.6–3.8) 0.022
CEA (ng/ml) 2.1 (1.1–4.6) 5.7 (2.7–30.7)  < 0.001 2.4 (1.3–7.3) 5.7 (3.7–8.5)  < 0.001
CA199 (U/ml) 7.0 (3.4–12.4) 30.3 (11.8–62.1)  < 0.001 9.3 (5.5–20.1) 25.1 (8.7–119.5)  < 0.001
Pathological characteristics
Tumor size (cm), < 5/ ≥ 5 [n (%)] 253/120 (67.8/32.2) 175/65 (72.9/27.1) 0.180 97/63 (60.6/39.4) 66/26 (71.7/28.3) 0.076
Location, rectal/colon [n (%)] 102/271 (27.3/72.7) 76/164 (31.7/68.3) 0.250 65/95 (40.6/59.4) 40/52 (43.5/56.5) 0.658
T stage, T1–T2/T3–T4 [n (%)] 93/280 (24.9/75.1) 78/162 (32.5/67.5) 0.041 70/90 (43.8/56.2) 19/73 (20.7/79.3)  < 0.001
Lymph node metastasis, negative/

positive [n (%)]
245/128 (65.7/34.3) 102/138 (42.5/57.5)  < 0.001 91/69 (56.9/43.1) 27/65 (29.3/70.7)  < 0.001

Tumor differentiation, poor/well 
[n (%)]

41/332 (11.0/89.0) 20/220 (8.3/91.7) 0.283 13/147 (8.1/91.9) 9/83 (9.8/90.2) 0.654
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Fig. 2   Feature selection based on LASSO regression. a LASSO coefficient profiles of the fourteen risk factors. b Nine risk factors selected using 
LASSO regression analysis

Fig. 3   ML-based prediction model for CRLM. a The ROC curve 
of the Random forest model in the internal training set. b The ROC 
curve of the Random forest model in the internal validation set. c 

Weight of AGR, TBIL, ALT, LDH, CEA, CA199, TG, MCV and 
lymph node metastasis in the Random forest model. d ROC curve 
analysis of six features
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order as follows: LDH, CA199, ALT, CEA, TBIL, AGR, 
TG, MCV, and lymph node metastasis (Fig. 3c). To simplify 
the model while retaining predictive power, we selected the 
top six variables by importance (LDH, CA199, ALT, CEA, 
TBIL, and AGR) to optimize the model. Consequently, a 

refined Random forest model based on these six key vari-
ables was constructed and designated as CRLM-Lab6. Addi-
tionally, the ROC curve analysis demonstrated that these six 
features exhibited robust predictive performance for CRLM 
risk (Fig. 3d).

Table 2   Performance of five 
models

AUC​ area under the curve, PPV positive predictive value, NPV negative predictive value, Linear SVC Lin-
ear support vector classification, SVM support vector machine

Classifier AUC​ Sensitivity Specificity Accuracy Precision F1 score PPV NPV

Logistic regression 0.91 0.79 0.86 0.83 0.78 0.79 0.78 0.86
Linear SVC 0.91 0.78 0.87 0.84 0.80 0.79 0.80 0.86
Random forest 0.93 0.82 0.90 0.86 0.83 0.83 0.83 0.88
Decision tree 0.90 0.82 0.83 0.83 0.76 0.80 0.76 0.88
SVM 0.90 0.75 0.89 0.83 0.81 0.78 0.81 0.84

Fig. 4   Evaluation of the ability of the CRLM-Lab6 model to predict CRLM. a ROC curve analysis. b Precision recall curve analysis. c Decision 
curve analysis. d Calibration curve analysis



Clinical and Experimental Medicine          (2025) 25:156 	 Page 7 of 9    156 

In the internal validation set, the CRLM-Lab6 model 
demonstrated exceptional performance with an AUC of 0.94, 
with a sensitivity of 0.88, specificity of 0.93 (Fig. 4a). The 
precision-recall curve indicated that the model achieved sat-
isfactory performance (Fig. 4b). Additionally, the decision 
curve analysis confirmed that this model offers substantial 
clinical utility. (Fig. 4c). Furthermore, the calibration curve 
revealed a close alignment between the observed and pre-
dicted probabilities (Fig. 4d).

Validation of CRLM‑Lab6 prediction model

To further evaluate the performance of the CRLM-Lab6 
model, we conducted an analysis in a validation cohort com-
prising 252 subjects between January 2023 and September 
2024, including 160 non-CRLM patients, and 92 CRLM 
patients. The ROC analysis demonstrated that the CRLM-
Lab6 model effectively distinguished the CRLM patients 
from the non-CRLM patients, achieving an AUC of 0.96, 
with a sensitivity of 0.95 and specificity of 0.93.

A web page calculator of CRLM prediction model

Based on the CRLM-Lab6 model, we have developed an 
online calculator designed to predict the risk of CRLM 
occurrence. Users can input the relevant variables into the 
tool available at (https://​dxonl​ine.​deepw​ise.​com/​predi​ction/​
index.​html?​baseU​rl=%​2Fapi%​2F&​id=​49967​&​topic​Name=​
undef​ined&​from=​share​&​platf​ormTy​pe=​wisdom) to obtain 
a prediction of CRLM risk (Fig. 5).

Discussion

CRLM is a significant factor contributing to poor prog-
nosis in CRC patients. Conventional imaging modalities, 
such as CT and MRI, lack the sensitivity for early detec-
tion of CRLM [21]. Consequently, there is an urgent need 
to develop more effective methods for identifying CRLM 
at an early stage. Early detection and accurate diagnosis 
of CRLM are critical for improving patient outcomes and 

Fig. 5   The visualization of the CRLM-Lab6 model through the DxAI platform

https://dxonline.deepwise.com/prediction/index.html?baseUrl=%2Fapi%2F&id=49967&topicName=undefined&from=share&platformType=wisdom
https://dxonline.deepwise.com/prediction/index.html?baseUrl=%2Fapi%2F&id=49967&topicName=undefined&from=share&platformType=wisdom
https://dxonline.deepwise.com/prediction/index.html?baseUrl=%2Fapi%2F&id=49967&topicName=undefined&from=share&platformType=wisdom
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survival rates. This study recruited a total of 865 partici-
pants, comprising 533 non-CRLM patients, and 332 CRLM 
patients. In the discovery cohort, we initially identified nine 
predictors using LASSO regression. We then evaluated the 
predictive performance of five ML algorithms: Logistic 
regression, Linear SVC, Random forest, Decision tree, and 
SVM. The Random forest model demonstrated superior per-
formance with an AUC of 0.93. To simplify the model while 
maintaining its robustness, we developed the CRLM-Lab6 
model based on the Random forest algorithm. In the external 
validation set, the CRLM-Lab6 model exhibited stable and 
excellent discriminatory power in the non-CRLM, achieving 
AUC of 0.96. Furthermore, we created an online calcula-
tor to predict the risk of CRLM occurrence. By inputting 
relevant variables, clinicians can estimate the probability 
of CRLM. This tool is particularly valuable in regions with 
limited medical resources, aiding clinicians in early identi-
fication of CRLM.

In this study, we developed a CRLM prediction model 
using blood routine and biochemical test data. This model 
aids clinicians in early diagnosis of CRLM and facilitates the 
formulation of personalized treatment strategies. The model 
incorporates six common clinical indicators: LDH, CA199, 
ALT, CEA, TBIL, and AGR. Research has demonstrated 
that CRLM can lead to abnormal liver function, often asso-
ciated with hepatocyte damage, resulting in elevated lev-
els of enzymes such as ALT and AST, as well as bilirubin 
[22–25]. LDH, an enzyme critical for cellular metabolism, is 
increased in CRLM patients due to heightened tumor meta-
bolic activity and the resultant metabolic burden on the liver, 
leading to its release from hepatocytes into the bloodstream 
[26, 27]. AGR, an indicator of systemic inflammation, is 
strongly correlated with tumor severity and poor progno-
sis [28, 29]. Tumor markers such as CEA and CA199 are 
crucial for preoperative screening of CRC and predicting 
post-surgical recurrence and metastasis [30]. For instance, 
studies have shown that CEA and CA199 expression levels 
correlate with factors like tumor invasion depth, diameter, 
and metastasis in CRC [31].

Furthermore, our model outperforms those presented in 
the existing literature. For instance, wang et al. [32]. con-
structed a CRLM model combining the albumin-bilirubin 
score, ALT levels, and CEA, achieving an AUC of 0.92, sen-
sitivity of 0.78, and specificity of 0.95. A detection method 
based on circulating tumor DNA (ctDNA) achieves an AUC 
value as high as 0.90 in predicting CRLM [33]. Neverthe-
less, its broad application remains constrained to some 
extent by factors such as tumor heterogeneity, the dynamic 
nature of ctDNA, technical complexity, and relatively high 
detection costs. Overall, the multi-biomarker prediction 
model established in this study utilizes readily available 
hematological data, offering significant cost-effectiveness 
and aiding in the early diagnosis and treatment of CRLM.

This study has several limitations. First, the cross-sec-
tional design of this study restricts our ability to determine 
the temporal relationship between routine laboratory test 
data and tumor metastasis. To overcome this limitation, 
future studies will involve longitudinal follow-up of CRC 
patients to validate the model's accuracy. Second, as a sin-
gle-center retrospective study, potential biases in case selec-
tion may exist. Specifically, resource constraints limit this 
study to a single hospital setting. In subsequent research, we 
plan to incorporate data from additional centers to enhance 
the generalizability of the model. Third, while the model 
demonstrates high accuracy in differentiating CRLM, techni-
cal and resource limitations precluded us from integrating 
it with other clinical practices, such as imaging data, for 
further refinement. This aspect will be explored in future 
analyses.

Conclusion

This study established a CRLM prediction model using ML 
algorithms. The Random forest algorithm was employed to 
construct the model named CRLM-Lab6, which incorpo-
rates six variables: LDH, CA199, ALT, CEA, TBIL, and 
AGR. This model demonstrated high predictive accuracy 
and clinical utility, thereby assisting clinicians in early iden-
tification of CRLM patients.
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