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Abstract

Background Liver metastasis is the most frequent site of distant metastasis in pancreatic ductal adenocarcinoma
(PDAQ), significantly contributing to poor prognosis. This study aims to develop and validate a machine learning (ML)
model for predicting early liver metastasis (ELM) following pancreatic cancer surgery.

Method This retrospective study included 407 pancreatic cancer patients who underwent surgery at the First
Affiliated Hospital of Soochow University between January 2015 and December 2023, aiming to develop and validate
a predictive model. Seven ML algorithms were employed to predict the risk of liver metastasis within one year after
surgery. The training cohort (n=284) was used for model development and hyperparameter tuning, while the internal
validation cohort (n=123) was employed to assess predictive performance. Shapley additive explanations (SHAP)
were applied to elucidate the decision-making process of the best-performing model. To assess the generalizability

of the model, 131 PDAC patients from the Affiliated Hospital of Nantong University were included as an external
validation cohort.

Result A total of 194 patients (36.1%) were diagnosed with ELM during the 1-year postoperative follow-up across
the two centers. Out of 22 disease characteristics, nine key features were selected for the development of the model.
XGBoost exhibited the highest performance, achieving an AUC of 0.901, accuracy of 0.846, sensitivity of 0.756,
specificity of 0.897, and an F1 score of 0.782. The Brier score of 0.12 indicated excellent calibration. Furthermore, both
the internal and external validation datasets demonstrated consistent and robust performance, as evidenced by ROC
curves, calibration plots, decision curves, and clinical impact curves, thereby supporting its clinical utility.

Conclusion An XGBoost model was developed to predict the likelihood of ELM after PDAC surgery with high
accuracy. Additionally, the model was implemented as an application, providing clinicians with an accessible visual
tool to support personalized clinical strategies and ultimately enhance patient outcomes.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is the most
prevalent histological subtype of pancreatic cancer [1].
As one of the leading causes of cancer-related mortality
globally, PDAC often presents insidiously, with patients
typically diagnosed at advanced stages, and the tumor
frequently metastasizing to distant organs [2, 3]. Liver is
the most frequent site of distant metastasis in pancreatic
cancer; even patients undergoing surgical intervention
remain at high risk for postoperative liver metastasis [4].
Currently, standardized methods for predicting early liver
metastasis (ELM) after surgery are lacking [5]. Although
the existing TNM staging system offers a certain level
of risk assessment for PDAC patients [6], its predictive
value is constrained by biological variability among indi-
viduals. Therefore, there is an urgent need for the devel-
opment of a non-invasive and accurate predictive model
to assess the risk of postoperative liver metastasis in
PDAC patients, with the goal of improving prognosis and
enabling personalized treatment.

In recent years, machine learning (ML) has gained con-
siderable attention in the healthcare sector, particularly
in oncology, owing to its potential to improve the accu-
racy of predictive models by leveraging large-scale data-
sets [7]. Previous research has successfully developed
machine learning-based predictive models for other met-
astatic cancers, such as bone metastasis in breast cancer
and survival prognosis in tongue cancer, achieving prom-
ising outcomes [8, 9]. However, a significant research gap
remains in developing predictive models for ELM follow-
ing pancreatic cancer surgery. To enhance the predictive
performance of the model and reduce the dimensional-
ity of the feature space, we employ Lasso regression for
feature selection. Lasso regression incorporates an L1
regularization term to penalize less relevant features,
effectively selecting key features closely associated with
ELM while minimizing the impact of irrelevant or redun-
dant features [10]. We subsequently developed seven ML
models, including Logistic Regression (LR), K-Nearest
Neighbors (KNN), Random Forest (RF), XGBoost, Deci-
sion Tree (DT), Gradient Boosting Machine (GBM), and
Support Vector Machine (SVM), to predict ELM out-
comes. These models have demonstrated exceptional
performance in predicting various clinical outcomes,
such as cancer recurrence and metastasis, positioning
them as valuable tools in clinical decision-making. How-
ever, despite the high accuracy of these ML models, their
interpretability remains a major challenge. The “black-
box” nature of these models has long hindered their
widespread clinical application [11, 12]. To overcome this
limitation, the Shapley Additive Explanations (SHAP)
method has emerged as a robust framework, provid-
ing both global and local explanations for ML predic-
tions. SHAP assigns contribution values to each feature,
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enabling us to elucidate the impact of each feature on the
model’s predictions, thereby enhancing the transparency
of the decision-making process [13].

Furthermore, we have deployed the XGBoost model,
which is the highest-performing predictive model, on an
online platform. This overcomes a common limitation in
many studies, which develop predictive models without
integrating them into practical and accessible platforms
[14, 15], thereby improving the model’s clinical applica-
bility. The implementation of this approach is of signifi-
cant value in supporting clinical decision-making, as it
allows clinicians to obtain actionable insights into the key
factors influencing the model’s predictions, thereby facili-
tating more accurate medical decisions.

Methods and materials

Patients

This study aims to develop and validate a predictive
model for ELM in PDAC. We retrospectively collected
clinical data from 407 PDAC patients who underwent
surgery at the First Affiliated Hospital of Soochow Uni-
versity between January 2015 and December 2023. These
data were utilized as the training and internal valida-
tion cohorts. Additionally, clinical data from 131 PDAC
patients who underwent surgery at the Affiliated Hos-
pital of Nantong University between January 2018 and
December 2023 were included as the external validation
cohort. All patients underwent standard pancreatic can-
cer surgeries with pathological confirmation and met
the established diagnostic criteria for PDAC. The inclu-
sion criteria were as follows: (1) pathologically confirmed
PDAC with a clinical diagnosis consistent with imaging
findings (e.g., CT, MRI); (2) surgical treatment for pan-
creatic cancer, with regular postoperative imaging or per-
cutaneous biopsy within one year to assess the presence
of ELM; (3) no development of other malignancies or sig-
nificant diseases during the follow-up period. The exclu-
sion criteria were: (1) prior radiotherapy, chemotherapy,
or other malignancy treatments before surgery; (2)
patients with distant metastasis at diagnosis; (3) patients
with significant missing clinical data or those unable to
undergo subsequent follow-up.

Data collection

Data were extracted from the HAITAI Electronic Medi-
cal Record System (Version 4.0) for PDAC patients
admitted to the hospital. The following variables were
included: (1) demographic information, including gen-
der, age, and body mass index (BMI); (2) laboratory test
results obtained within one week prior to surgery, includ-
ing white blood cells (WBC), red blood cells (RBC),
hemoglobin (Hb), platelets (Plt), albumin (Alb), and
tumor markers such as CA199, CEA, AFP, and CA125;
(3) pancreatic cancer-related tumor characteristics,
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including tumor location, size, differentiation, presence
of tumor embolism, nerve invasion, and staging infor-
mation (T-stage, N-stage); (4) other patient conditions,
including the presence of fatty liver disease, liver function
according to the Child-Pugh classification, and whether
postoperative chemotherapy was administered.

Data analysis and methodology

In this study, the baseline characteristics of patients were
described and compared separately for continuous and
categorical variables. The normality of continuous vari-
ables was assessed using the Kolmogorov-Smirnov test.
If the variables followed a normal distribution, they were
expressed as mean + standard deviation (X * s) and com-
pared between groups using independent samples t-tests.
For variables that did not follow a normal distribution,
they were described as median (interquartile range, IQR)
and compared using the Mann-Whitney U test. Categori-
cal variables were presented as frequencies and percent-
ages, with differences between groups assessed using
Pearson’s chi-square test. Data analysis was performed
using R software (version 4.3.2) and SPSS (version 25.0),
which included processing and validation of the training
set, internal validation set, and external validation set. All
tests were two-tailed, with a p-value of <0.05 considered
statistically significant. Data processing was conducted in
strict adherence to medical statistical standards to ensure
the scientific validity and reliability of the results.

To ensure the generalizability of the model, the data-
set was randomly divided into a training set and an inter-
nal validation set in a 7:3 ratio. In the feature selection
process, univariate analysis was first performed to evalu-
ate the relationship between each feature and the out-
come variable, facilitating the preliminary identification
of potentially significant features. Subsequently, Lasso
regression with L1 regularization was applied to fur-
ther refine the feature space, prioritizing features with
higher predictive value while eliminating unnecessary
or redundant features. Finally, multivariate analysis was
conducted to combine and validate the selected features,
ensuring their significance and stability under multidi-
mensional interactions.

This study develops predictive models based on seven
ML algorithms: LR, KNN, RE, XGBoost, DT, GBM, and
SVM. Feature variables were selected using the previ-
ously described feature selection methods. The feature
data were standardized using the preProcess function
to mitigate the impact of varying scales on model train-
ing. Subsequently, 10-fold cross-validation was applied
to ensure the stability of data partitioning and the reli-
ability of the results. Hyperparameter optimization was
conducted through grid search, selecting the combina-
tion of hyperparameters that maximized the area under
the receiver operating characteristic (AUC). The AUC,
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accuracy, sensitivity, specificity, and Fl-score of each
model were computed on the validation set to assess
overall model performance and identify the best-per-
forming model. Further analysis was performed using
ROC curves, Precision-Recall curves, Calibration curves,
and Decision Curve Analysis (DCA) to evaluate classifi-
cation performance and stability of the seven models at
various thresholds [16]. Finally, the generalizability and
clinical applicability of the best model were validated
in the training, internal validation, and external valida-
tion sets using ROC curves, calibration curves, decision
curves, and clinical impact curves (CIC). Visualization
tools, including SHAP Summary Plots, SHAP Bar Plots,
SHAP Dependence Plots, and individual sample force
plots, were used to display the global importance of each
feature and its contribution to individual predictions.
Ultimately, a clinical application platform was developed
to translate the research findings into a practical tool for
clinical use. The various steps of this study are depicted
in Fig. 1.

Result

Handling of missing values

This study incorporated data from 23 variables, with 112
missing values, representing 1.19% of the total dataset.
The missing data were predominantly linked to the Child-
Pugh score, WBC, RBC, Hb, PLT, Alb, CA199, CEA, AFP,
and CA125. Among these variables, CA125 exhibited the
highest proportion of missing data, accounting for 0.38%
of the entire dataset. No missing data were observed in
the remaining variables (Figure S1). The majority of miss-
ing values arose from updates to the inpatient electronic
medical record system (e.g., system version upgrades
or incomplete data migration), while a smaller portion
stemmed from incomplete examination records, which
hindered data collection. Missing values were imputed
using the K-Nearest Neighbors (KNN) imputation
method to minimize their potential impact on model
development.

Baseline characteristics of patients

From January 2015 to December 2023, a total of 407
patients with PDAC were treated at the Department
of Hepatobiliary and Pancreatic Surgery, First Affili-
ated Hospital of Soochow University. Of these, 259
patients did not develop liver metastases within one
year post-surgery, whereas 148 patients were diagnosed
with ELM within one year based on imaging or biopsy
pathology. Patients were randomly assigned to a train-
ing set and an internal validation set in a 7:3 ratio. Table
1 compares patients with and without liver metastases
in the training and internal validation sets, showing sig-
nificant differences in BM], fatty liver, Child-Pugh score,
tumor location, size, T stage, N stage, differentiation,
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Table 1 Clinical characteristics of PDAC and ELM patients in the training and internal validation cohorts
Characteristics Training cohort Internal validation cohort
PDAC (n=181) ELM p. value PDAC (n=78) ELM p.value
(n=103) (n=45)
Age 0.93 0479
<60 73(40.3%) 33(32%) 31(39.7%) 15(33.3%)
>60 108(59.7%) 70(68%) 47(60.3%) 30(66.7%)
Gender 0.07 0.164
Male 108(59.7%) 50(48.5%) 42(53.8%) 30(66.7%)
Female 73(40.3%) 53(51.5%) 36(46.2%) 15(33.3%)
BMI 0.006 0.015
<24 140(77.3%) 64(62.1%) 64(82.1%) 28(62.2%)
>24 41(22.7%) 39(37.9%) 14(17.9%) 17(37.8%)
Fatty liver <0.001 0.008
No 102(56.4%) 89(86.4%) 42(53.8%) 35(77.8%)
Yes 79(43.6%) 14(13.6%) 36(46.2%) 10(22.2%)
Child-Pugh <0.001 <0.001
A 150(82.9%) 66(64.1%) 68(97.2%) 23(51.1%)
B 31(17.1%) 37(35.9%) 10(12.8%) 22(48.9%)
ALB(g/L) 0.768 0.712
<35 36(19.9%) 22(21.4%) 16(20.5%) 8(17.8%)
>35 145(80.1%) 81(78.6%) 62(79.5%) 37(82.3%)
Location <0.001 0.005
Head 63(34.8%) 16(15.5%) 29(37.2%) 6(13.3%)
Body and Tail 118(65.2%) 87(84.5%) 49(62.8%) 39(46.7%)
T. stage 0.045 0.012
T1-2 150(82.9%) 75(72.8%) 63(80.8%) 27(60%)
13-4 31(17.1%) 28(27.2%) 15(19.2%) 18(40%)
N. stage <0.001 <0.001
NO-1 166(91.7%) 58(56.3%) 71(91%) 28(62.2%)
N2 15(8.3%) 45(43.7%) 7(9%) 17(37.8%)
Differentiation <0.001 0.002
G1-2 61(33.7%) 8(7.8%) 27(34.6%) 4(8.9%)
G3-4 120(66.3%) 95(92.2%) 51(65.4%) 41(91.1%)
Tumor embolus <0.001 <0.001
No 152(83.9%) 53(51.5%) 62(79.5%) 21(46.7%)
Yes 29(16.1%) 50(48.5%) 16(20.5%) 24(53.3%)
Nerve invasion 0.001 0.058
No 36(19.9%) 5(4.9%) 15(19.2%) 3(6.7%)
Yes 145(80.1%) 98(95.1%) 63(80.8%) 42(93.3%)
Adjuvant chemotherapy <0.001 0.053
No 31(17.1%) 47(45.6%) 14(17.9%) 15(33.3%)
Yes 150(82.9%) 56(54.4%) 64(82.1%) 30(66.7%)
Whc 5.64 [4.64;7.31] 5.58 [4.36; 6.6] 0.546 535[4.75;7.32] 531[447;7.1] 0.556
Rbc 4.14 [3.68;4.4] 4.01 [3.5;4.24] 0.167 4.095 [3.64; 4.45] 4.12[3.68;4.39] 0.783
Hb 125[112;133] 123[111;130] 0.099 123 [111.25;132.75] 124 [116; 129] 0.864
Plt 194 [157;222] 199 [165; 231] 0.105 197 [170; 244] 202 [165; 251] 0.992
Ca199 345 [59.22; 1200] 299.15 [88.16; 844.78] 0.392 48836 [89.26; 1075.56]  488.36 [46.38; 1200] 0.983
CEA 3.72(23;5.72] 4.27[2.75;6.18] 0.369 4.64[2.38;6.8] 3.72[2.19;5.62] 0.263
AFP 2.55[2;3.22] 248 [2;3.24] 0.863 2.2[2;281] 2.29(2;2.71] 0.754
Cal125 20.2[13.3;32.5] 20.2 [13.05; 34.35] 0.942 203 [14.6; 34] 20.2[15.2;304] 0.966
Tumor size 3[2.5;4.0] 3.5[3.0;4.2] 0.024 3[2.54] 4[3; 5] 0.008

ALB Albumin, Wbc White blood cell, Rbc Red blood cell, Hb Hemoglobin, Pt Platelet, Ca799 Carbohydrate Antigen 199, CEA Carcinoembryonic Antigen, AFP Alpha-
Fetoprotein, Cal25 Carbohydrate Antigen 125
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tumor embolus, nerve invasion and adjuvant chemo-
therapy (p<0.05). Importantly, among the 300 patients
who received postoperative chemotherapy, 148 (49.3%)
were treated with gemcitabine/nab-paclitaxel (GA), 113
(37.7%) with FOLFIRINOX, and 39 (13.0%) with other
regimens due to toxicity or disease progression. The
ELM rates were 46 cases (31.1%) in the GA group, 28
cases (24.8%) in the FOLFIRINOX group, and 12 cases
(30.8%) in the other group (p=0.511), indicating no
significant impact of chemotherapy regimen on meta-
static outcomes. These patients were evenly distributed
between the training set (99 GA, 82 FOLFIRINOX, 25
other) and validation set (49 GA, 31 FOLFIRINOX, 14
other) (p=0.498). Table S1 summarizes the baseline char-
acteristics of the two datasets, indicating no significant
differences between the groups (p=0.05). The external
validation cohort included 85 non-metastatic and 46
metastatic patients treated at the Affiliated Hospital of
Nantong University between January 2018 and December
2023. Baseline characteristics are summarized in Table 2.

Feature selection in predictive modeling

A univariate logistic regression analysis was conducted
on all candidate variables, with a threshold of p <0.05 for
selection, identifying BMI, fatty liver, Child-Pugh score,
tumor location, T stage, N stage, differentiation, tumor
emboli, nerve invasion, adjuvant chemotherapy, and CEA
as significant predictors (Fig. 2A). These variables were
deemed potential predictors and were incorporated into
subsequent analyses.

Lasso regression was applied to further refine the fea-
ture set, utilizing the second optimal penalty parameter
(\) within one standard error of the minimum mean
squared error to strike a balance between model simplic-
ity and predictive performance. The analysis revealed
that the regression coefficient for T stage was reduced to
zero, leading to its exclusion from the model (Fig. 2B, C,
Table S2). The remaining variables were retained for mul-
tivariate logistic regression analysis, with CEA excluded
due to a lack of statistical significance (p >0.05) (Fig. 2D).

To ensure the independence of variables, multicol-
linearity was assessed for those retained after the mul-
tivariate analysis. Variance inflation factor (VIF) and
tolerance were calculated, with thresholds of VIF>5 or
tolerance<0.1 set for exclusion. The results showed no
significant multicollinearity among the variables (Fig-
ure S2). Ultimately, nine variables—BMI, fatty liver,
Child-Pugh score, tumor location, N stage, differentia-
tion, tumor emboli, nerve invasion, and adjuvant che-
motherapy—were retained for model development.
Further analysis revealed that the correlation coefficients
between these variables were low, confirming their inde-
pendence (Fig. 3).

Page 6 of 16

Table 2 Clinical characteristics of PDAC and ELM patients in the
external validation cohort

Characteristics External Validation Cohort p. value
PDAC ELM
N=85 N=46
Gender 0.319
Male 52(61.2%) 24(52.2%)
Female 33(38.8%) 22(47.8%)
Age 0.335
<60 35(41.2%) 15(32.6%)
>60 50(58.8%) 31(67.4%)
BMI 0.24
<24 62(72.9%) 29(63.1%)
>24 23(27.1%) 17(36.9%)
Fatty liver <0.001
No 43(50.6%) 39(84.8%)
Yes 42(49.4%) 7(15.2%)
Child-Pugh . . 0.006
A 73(85.9%) 30(65.2%)
B 12(14.1%) 16(34.8%)
Alb 0.604
<35 18(21.2%) 8(17.4%)
>35 67(78.8%) 38(82.6%)
Location 0.08
Head 29(34.1%) 9(19.6%)
Body and Tail 56(65.9%) 37(80.4%)
Tstage 0.001
T1-2 76(89.4%) 30(65.2%)
T3-4 9(10.6%) 16(34.8%)
N.stage <0.001
NO-1 76(89.4%) 24(52.2%)
N2 9(10.6%) 22(47.8%)
Differentiation <0.001
G1-2 26(30.6%) 1(2.17%)
G3-4 59(69.4%) 45(97.8%)
Vascular embolism <0.001
No 71(83.5%) 23(50%)
Yes 14(16.5%) 23(50%)
Nerve invasion <0.001
No 18(21.2%) 2(4.3%)
Yes 67(78.8%) 44(95.7%)
Adjuvant 0.004
chemotherapy
No 14(16.5%) 18(39.1%)
Yes 71(83.5%) 28(60.9%)
Whbc 5.64 [4.47;748] 5.875[4.42;7.82] 0.7484442
Rbc 4.13 [3.68; 4.44] 4.06 [3.6;4.2] 02214396
Hb 124 [112;136] 119[109.5; 128.5] 0.0983594
PIt 194 [163; 229] 198 [162.75; 260] 0.2746742
Ca199 412.98[79.27;1075.56] 577.385[87.08; 1200] 0.6733674
Cea 4412.63;5.76] 441[2.81;592] 0.8906787
Afp 248 [2;3.09] 243 [2;3.06] 0.8882542
Cal25 22.7[14.9;36.2] 20.7 [13.7;44.3] 0.9078537
Size 3[25;3.5] 4[3;4.5] <0.001

ALB Albumin, Wbc White blood cell, Rbc Red blood cell, Hb Hemoglobin, Pit
Platelet, Ca199 Carbohydrate Antigen 199, CEA Carcinoembryonic Antigen, AFP
Alpha-Fetoprotein, Ca125 Carbohydrate Antigen 125
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Performance evaluation of multiple ML models

Based on the nine selected features, we developed seven
ML models, including LR, KNN, RF, XGBoost, DT, GBM,
and SVM. The parameters of each model are presented
in Table S3. To assess the classification performance of
these models, several metrics were calculated using the
confusion matrix from the training and internal valida-
tion cohort, including ROC AUC, accuracy, sensitivity,
specificity, recall, F1 score, and Brier score (Table 3). A
radar chart (Fig. 4) was also created to visually com-
pare the multidimensional performance of the models,
enhancing the interpretability of the results. Among
these models, XGBoost demonstrated the best overall
performance, achieving an ROC AUC of 0.901, accuracy
of 0.846, sensitivity of 0.756, specificity of 0.897, recall of
0.756, and an F1 score of 0.82, outperforming all other
models.

Additional performance comparisons were made using
ROC curves, PR curves, calibration curves, and DCA. In
the ROC analysis, the training cohort showed XGBoost
achieved an AUC of 0.97 (Fig. 5A), while the validation
cohort demonstrated an AUC of 0.901 (Fig. 5B), dem-
onstrating its strong ability to differentiate between
positive and negative samples. The training cohort PR
curve analysis showed a precision-recall curve AUC of
0.943 (Fig. 5C), with the validation cohort maintain-
ing 0.827 (Fig. 5D), emphasizing its ability to maintain
a balance between precision and recall across various
thresholds, thereby underscoring its classification reli-
ability and stability. Calibration curves revealed excellent
probability alignment in both training (Brier score 0.074,
Fig. 5E) and validation (Brier score 0.12, Fig. 5F) cohorts.
A lower Brier score reflects more accurate probability
estimations, thereby increasing the model’s credibility
in clinical decision-making. DCA further revealed that
XGBoost offered significantly higher net benefits across
most threshold probability ranges compared to the other
models (Fig. 5G, H). The learning curve analysis (Figure
S3) confirmed stable model performance with a minimal
accuracy gap of 0.049 between training and validation
sets, effectively ruling out overfitting concerns. Based
on these comprehensive analyses and visualized results,
XGBoost was chosen as the core algorithm for construct-
ing the final predictive model.

SHAP-Based interpretability for XGBoost

We employed SHAP visualizations to gain an in-depth
understanding of the key features driving the model’s
predictions. The SHAP summary plot (Fig. 6A) illustrates
both the direction and magnitude of each feature’s con-
tribution to the predicted outcomes. Positive values indi-
cate a feature that increases the predicted probability,
whereas negative values suggest a decrease in probabil-
ity. The gradient colors reflect feature values, with yellow
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representing higher values and purple indicating lower
values. For instance, SHAP values for PDAC patients
with tumor emboli predominantly fall within the positive
range, suggesting that tumor embolus is associated with
an elevated probability of ELM. Conversely, SHAP values
for PDAC patients who received adjuvant chemotherapy
are mainly clustered in the negative range, indicating that
such treatment may lower the likelihood of ELM. The
SHARP bar plot (Fig. 6B) ranks features according to their
average SHAP values, reflecting their relative importance
in the model. Tumor embolus had the highest contribu-
tion, followed by N stage and adjuvant chemotherapy,
underscoring their crucial roles in the prediction model.
Fatty liver, tumor location, and differentiation were iden-
tified as moderately important factors. SHAP depen-
dence plots (Fig. 6C) further depict the specific impact
patterns of individual features on predicted outcomes.
Each subplot represents a single feature, with the x-axis
showing the feature value and the y-axis displaying the
corresponding SHAP value. For example, for fatty liver,
higher feature values correlated with lower SHAP val-
ues, suggesting that fatty liver may reduce the probability
of ELM. Finally, we presented SHAP force plots for two
individual cases. As illustrated in Fig. 6D, for a patient
who developed ELM, the absence of tumor embolus and
fatty liver, along with an N2 stage and G3-4 differentia-
tion, collectively contributed to a prediction score signifi-
cantly higher than the baseline (E[f(x)] = —0.703), yielding
a final prediction value of 3.21. In contrast, for a patient
without ELM, the prediction score was -2.03. These
visualizations provide an intuitive understanding of each
variable’s role in the prediction, while also highlighting
the model’s sensitivity to variations in input variables.

Validation of the XGBoost model

A comprehensive evaluation was performed to assess the
model’s performance and clinical utility across multiple
datasets. The AUC values for the training, internal valida-
tion, and external validation datasets were 0.97, 0.90, and
0.95, respectively, indicating consistent predictive perfor-
mance across various datasets (Fig. 7A-C). As shown in
Fig. 7D-F, the predicted probabilities of ELM generated
by the XGBoost model closely matched the actual prob-
abilities, approaching the ideal line in both the training
and validation datasets. Calibration, validated through
1,000 bootstrap iterations, further demonstrated the
high predictive accuracy of the model, especially in the
low-to-moderate risk range, underscoring its reliable
calibration. DCA analysis indicated that XGBoost consis-
tently offered greater decision-making benefits for PDAC
patients compared to a non-model-based approach
across all three cohorts as risk thresholds increased (Fig.
7G-I). The CIC analysis further highlighted the substan-
tial clinical benefit of XGBoost (Fig. 7J-L).
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Fig. 2 Selection of feature variables for model construction: A Forest plot of univariate Cox regression for variable selection. B A graph showing the
LASSO coefficient trajectories, and C a curve of cross-validation error representing the selection of the tuning parameter (A). D Multivariate Cox regression

forest plot to identify the final feature variables

Development of an online interactive calculator

The XGBoost model, built using nine indicators, was
deployed on an online platform to enable personalized
prediction of ELM in PDAC patients (Fig. 8). This tool is
designed to provide theoretical guidance to support clini-
cal decision-making. The model can be accessed via the
following link: https://haozhu.shinyapps.io/liver-predicti
on/.

Discussion

The liver, with its abundant blood supply and unique
microenvironment, is the most common site of metasta-
sis for pancreatic cancer [17]. However, there is currently
no universally accepted definition for ELM. Sugiura et
al. proposed that liver metastasis occurring within six
months after pancreatic cancer surgery should be con-
sidered ELM [18, 19], while the 2021 National Compre-
hensive Cancer Network (NCCN) guidelines defined
the timeframe as within one year post-surgery [20]. In
this study, we adopt the definition of ELM as occurring
within one year after surgery. Regardless of the specific

definition, early detection of liver metastasis is cru-
cial for improving patient prognosis. With continuous
advancements in imaging technologies and biomarkers,
significant progress has been made in the early detec-
tion of liver metastasis in clinical practice [21, 22]. In
recent years, the widespread application of ML and other
artificial intelligence technologies has led to remark-
able achievements across various fields. Therefore, this
study employs ML algorithms to conduct comprehensive
analyses using multi-factor models, aiming to accurately
predict the occurrence of ELM after PDAC surgery, per-
sonalize treatment plans, improve survival rates, and
reduce the treatment burden.

Xu et al. previously conducted univariate and multi-
variate regression analyses to select relevant variables,
and developed a preoperative prediction model for recur-
rence and survival in PDAC patients based on these vari-
ables [23]. However, the study had several limitations.
First, the study only included PDAC patients with tumors
located in the pancreatic head, limiting its applicabil-
ity to other patient populations. Second, the variables
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Fig. 3 Heatmap of the correlation among the nine variables used for model construction
Table 3 Comprehensive performance assessment of seven models
Model AUROC Accuracy Sensitivity Specificity Recall F1_Score Brier_Score
XGBoost 0.9014 0.8455 0.7556 0.8974 0.7556 0.8204 0.1200
Logistic Regression 0.8843 0.7967 0.6889 0.8590 0.6889 0.7646 0.1380
KNN 0.8882 0.7886 0.6222 0.8846 0.6222 0.7306 0.1340
Random Forest 0.8791 0.7967 0.6667 0.8718 0.6667 0.7556 0.1370
Decision Tree 0.7358 0.7236 0.6444 0.7692 0.6444 0.7013 0.1920
GBM 0.8840 0.8130 0.6889 0.8846 0.6889 0.7746 0.1380
SVM 0.8778 0.7967 0.6444 0.8846 0.6444 0.7457 0.1420

considered in the model were restricted to preoperative
examination results, without incorporating pathological
data that could more accurately reflect tumor character-
istics. Finally, the model was based exclusively on three
variables—Cal99, preoperative pain symptoms, and the

fibrinogen-to-albumin ratio (FAR)—which may lack suf-
ficient representativeness and limit the model’s exter-
nal validity. Furthermore, another retrospective study
employed the XGBoost algorithm to develop a model
for predicting PDAC mortality outcomes, achieving



Zhu et al. BMC Cancer (2025) 25:1117

A

F1_Score Accuracy

— XGBoost
LR

KNN
— RF
DT
— GBM
~ SVM

Recall Sensitivity

Specificity

Page 10 of 16

F1_Score Accuracy

— XGBoost
LR

KNN
— RF
— DT
— GBM
~ SVM

Recall Sensitivity

Specificity

Fig. 4 Radar chart comparison of seven machine learning models' performance metrics in (A) training and (B) validation cohorts

an impressive AUC of 0.933 [24]. However, the authors
did not offer sufficient model interpretability or create a
clinical platform, limiting its practical utility in clinical
settings. The advantage of this study lies in its pioneer-
ing use of a local database combined with ML meth-
ods to predict ELM in PDAC, an area currently lacking
similar research. Secondly, the study incorporated a
comprehensive set of features, particularly tumor patho-
logical characteristics, which enhanced both the reli-
ability and predictive performance of the model. In the
final stage, we collaborated with an external validation
group, a decision driven by a deep awareness of the limi-
tations and potential biases associated with relying on
a single research institution. This strategy aimed to not
only enhance the reliability of the study’s conclusions but
also to establish a robust theoretical foundation for their
broader applicability and generalizability across diverse
clinical settings.

In our study, tumor embolus was identified as the most
significant factor in the final prediction model. Tumor
emboli are formed within the tumor system and con-
tribute to vascular occlusion [25]. Previous research has
demonstrated that tumor emboli adversely affect the
prognosis of several cancers, including colorectal cancer
and non-metastatic clear cell renal cell carcinoma [26].
The formation of tumor emboli involves both the physi-
cal aggregation of tumor cells and the activation of coag-
ulation pathways, along with the initiation of immune
evasion mechanisms. On one hand, highly invasive
tumor cells stimulate the formation of cancer emboli by
secreting procoagulant substances, such as tissue factor
and procoagulant microparticles [27]. On the other hand,
the interaction between tumor cells and platelets stabi-
lizes tumor emboli more effectively than ordinary blood
clots, and this blastocyst-like structure aids in immune
evasion by tumor cells [28]. Additionally, calpain-medi-
ated hydrolysis of E-cadherin within tumor emboli
plays a critical role in sustaining tumor cell activity and
promoting distant metastasis, which may contribute

to chemoresistance and enhanced metastatic potential
[29]. At present, gemcitabine combined with albumin-
bound paclitaxel (GA) or FOLFIRINOX is established as
the first-line chemotherapy regimen for PDAC, offering
potential long-term survival benefits [30]. However, the
selection of a chemotherapy regimen should be person-
alized based on the individual patient’s characteristics.
According to Dosso et al,, FOLFIRINOX demonstrates
superior efficacy in patients with an Eastern Coopera-
tive Oncology Group (ECOG) performance status (PS) of
0-1, good overall health, age <65 years, and normal liver
function. In contrast, GA may be a more suitable option
for elderly patients, those with multiple comorbidities,
or those with poor therapy tolerance [31]. In this study,
higher Child-Pugh scores, overweight status, and fatty
liver were found to be independent risk factors for ELM.
These findings imply that high-risk patients for ELM
might benefit more from GA, considering its relatively
less favorable tolerability profile. However, this hypoth-
esis requires further validation to confirm its clinical
utility in guiding chemotherapy regimen selection. Fur-
thermore, it is important to note that some studies have
reported that low doses of gemcitabine may paradoxically
promote pancreatic cancer metastasis. This unexpected
finding emphasizes the necessity of careful dose manage-
ment and underscores the importance of prudent deci-
sion-making in the clinical use of gemcitabine [32].

The prevailing consensus suggests that fatty liver may
influence cancer development and metastasis via mul-
tiple mechanisms. However, significant debate exists
among researchers concerning whether fatty liver pro-
motes or inhibits cancer progression. A cohort study
involving 8 million individuals revealed that patients with
non-alcoholic fatty liver disease (NAFLD) had a signifi-
cantly elevated risk of pancreatic cancer during follow-up
(HR: 1.17, 95% CI: 1.09-1.26), with a progressive increase
in risk corresponding to higher fatty liver index values
[33]. Furthermore, several studies have demonstrated a
significant positive correlation between NAFLD and liver
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Fig. 6 The Shapley Additive Explanations method was used to interpret the XGBoost model. A SHAP Summary Plot, where both positive and negative
SHAP values indicate how each feature either increases or decreases the predicted outcome. B SHAP Bar Plot displays the average absolute SHAP values
for each feature, highlighting the most important features in the model. Longer bars represent greater feature importance. C SHAP dependence plots
show the relationship between predicted risk and feature values, illustrating how different value ranges influence the predictions. D Individual sample
force plots for ELM and non-ELM patients, demonstrating the impact of each feature on their respective outcomes

metastasis of colorectal cancer. This is attributed to the
upregulation of fatty acid synthase (FASN) within the
lipid-rich microenvironment of NAFLD, which promotes
palmitic acid synthesis in metastatic colorectal cancer
(CRC) cells, aiding their colonization and spread in liver
tissue [34, 35]. In contrast, two other studies reported
entirely contradictory findings: colorectal cancer patients
with fatty liver showed a significantly reduced likelihood
of liver metastasis [36, 37]. Similarly, a retrospective
study by Wu et al. found that breast cancer patients with
fatty liver experienced significantly earlier liver metasta-
sis compared to those without fatty liver (p=0.022) [38].
In alignment with this, the SHAP summary plot from
this study indicates that PADC combined with fatty liver
exerts a significant protective effect against ELM. These
conflicting perspectives raise important questions. Our
team has undertaken a comprehensive analysis of this
phenomenon, recognizing that the development of fatty
liver is associated with several physiological changes,
including insulin resistance, obesity, dyslipidemia, and
increased levels of inflammatory markers. These changes,

on one hand, impair the body’s immune response, while
on the other hand, promote the overexpression of onco-
genes [39]. Consequently, the hypothesis that fatty liver
increases the likelihood of cancer development is plau-
sible. However, tumor metastasis differs fundamentally
from tumor development. In the metastatic process, only
a small subset of tumor cells can breach barriers and suc-
cessfully form new tumor nodules in distant tissues [40].
This process is influenced not only by the tumor’s abil-
ity to invade tissues but also by the biological microen-
vironment of the metastatic target organ. Fatty liver may
partially inhibit the growth of liver metastatic tumors
by suppressing angiogenesis and reducing the activity
of pyrimidine nucleoside phosphorylase [41]. Moreover,
animal experiments have shown that the growth of colon
cancer metastatic tumors in the livers of mice with high
dietary fatty acid intake is significantly reduced [42].
This could be a key factor explaining why fatty liver acts
as a protective factor against liver metastasis in certain
malignancies. Nevertheless, our stance does not endorse
a high-fatty acid diet; we maintain that regular eating
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Fig. 7 Validation of the model in each cohort to assess its generalizability. ROC curves for the training cohort (A), internal validation cohort (B) and ex-
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Fig. 8 Deployment of the XGBoost prediction model for early liver metastasis of pancreatic cancer onto the internet

habits and a balanced diet are more beneficial to overall
health.

Previous studies have established that tumors in the
pancreatic body and tail are more prone to metastatic
disease than those in the pancreatic head, a finding con-
sistent with our own research [43]. We propose that
when pancreatic head tumors reach a certain size, they
cause mechanical obstruction of the bile duct, resulting
in bile stasis and the onset of obstructive jaundice. This
often leads to early patient examination and interven-
tion, a phenomenon less commonly observed in pan-
creatic body and tail tumors. Kazuaki et al. reported
that infiltration of para-aortic lymph nodes serves as an
independent predictor of postoperative recurrence [44].
However, the area surrounding the pancreatic head pre-
dominantly consists of aortic neural networks [45], which
makes lymphatic infiltration less likely and, consequently,
delays recurrence. Nonetheless, this hypothesis may
require further clinical and pathological investigations
for validation.

Bojmar et al. noted that although the liver may not
be directly involved at the time of surgery for PDAC
patients, cancer, as a systemic disease, affects the entire
body, extending beyond local tissues. As the liver plays a
central role in most physiological functions, it is essen-
tial to adopt a systemic perspective when understand-
ing the pathological processes and treatment strategies
for cancer [46]. Originally, the Child-Pugh score was
developed to assess the long-term prognosis of chronic
liver disease patients by indicating liver function stabil-
ity. Currently, this score is extensively used in various
areas, including preoperative evaluation and drug dosage
adjustment [47]. Consequently, this study incorporated

the Child-Pugh score to assess liver function and damage
in PDAC patients, providing a systematic and dynamic
evaluation of factors related to ELM. Our model included
factors such as N stage, tumor differentiation, and nerve
invasion, as anticipated. However, T stage was excluded
from the model, likely due to the small sample size, which
may have obscured the impact of tumor size on ELM.
Moreover, while tumor size correlates with prognosis, the
aggressive nature of pancreatic cancer means that even
tumors with smaller diameters are associated with poor
outcomes for a substantial proportion of patients. This is
likely because smaller tumors often exhibit microvascu-
lar invasion characteristics akin to those found in larger
tumors [48].

Our study has several limitations. First, due to the
inherent limitations of retrospective studies, baseline
data inevitably contains missing values. To mitigate this,
we employed the KNN method for data imputation to
reduce potential biases in the results. However, the effec-
tiveness of this approach may still be constrained. Sec-
ond, while PDAC cases were collected from two major
medical centers, the sample size remains insufficient for
robust ML modeling. Future studies will require mul-
ticenter, large-scale cohorts to improve the model’s
accuracy. Third, our exclusion of patients who received
neoadjuvant therapy may limit the model’s generaliz-
ability to this important subgroup of pancreatic can-
cer patients, particularly as neoadjuvant approaches are
increasingly adopted in clinical practice. Fourth, the lack
of standardized documentation regarding resectability
status (resectable vs. borderline resectable) in our retro-
spective cohort may affect readers’ ability to fully con-
textualize our findings within the spectrum of surgical
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candidates. Additionally, although we included postop-
erative chemotherapy as a variable, the heterogeneity in
chemotherapy regimens among patients may influence
the model’s predictive accuracy. Therefore, exploring
strategies to optimize chemotherapy regimens based on
individual patient characteristics remains a critical ave-
nue for future research.

Conclusion

Our study developed an interpretable predictive model
that significantly enhances the prediction of postop-
erative ELM in PDAC patients and deployed this model
online, offering clinicians an intuitive and convenient
tool. This tool provides vital decision-making support
for clinicians in tailoring personalized treatment plans,
thereby contributing to the advancement of precision
medicine.
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