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Abstract

Background Duodenal adenocarcinoma (DA) has a high recurrence rate, making the prediction of recurrence
after surgery critically important.

Methods Our objective is to develop a machine learning-based model to predict the postoperative recurrence

of DA. We conducted a multicenter, retrospective cohort study in China. 1830 patients with DA who underwent
radical surgery between 2012 and 2023 were included. Wrapper methods were used to select optimal predictors

by ten machine learning learners. Subsequently, these ten learners were utilized for model development. The model’s
performance was validated using three separate cohorts, and assessed by the concordance index (C-index), time-
dependent calibration curve, time-dependent receiver operating characteristic curves, and decision curve analysis.

Results After selecting predictors, ten feature subsets were identified. And ten feature subsets were combined

with the ten machine learning learners in a permutation, resulting in the development of 100 predictive models,

and the Penalized Regression + Accelerated Oblique Random Survival Forest model (PAM) exhibited the best predic-
tive performance. The C-index for PAM was 0.882 (95% CI 0.860-0.886) in the training cohort, 0.747 (95% Cl 0.683-
0.798) in the validation cohort 1, 0.736 (95% Cl 0.649-0.792) in the validation cohort 2, and 0.734 (95% Cl 0.674-0.791)
in the validation cohort 3. A publicly accessible web tool was developed for the PAM.

Conclusions The PAM has the potential to identify postoperative recurrence in DA patients. This can assist clinicians in assess-
ing the severity of the disease, facilitating patient follow-up, and aiding in the formulation of adjuvant treatment strategies.
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Background

Small intestinal adenocarcinomas are rare, with a lower
prevalence than adenocarcinomas in other parts of the
gastrointestinal tract. Nevertheless, there has been a
reported increase in the incidence of duodenal adeno-
carcinoma (DA) [1-3]. Pathologically, DA originates
from the intestinal mucosal epithelium, most commonly
affecting the descending duodenum [4]. Although the
prognosis of DA is reportedly better than that of other
periampullary malignancies, the 5-year survival rate is
still low, at about 50% [5-7]. Additionally, the recur-
rence rate of DA reaches 30-60% [8]. Therefore, the
treatment and prognosis of DA should receive more
attention.

Due to the rarity of DA, the prognostic and recur-
rence risk factors for this condition have not yet been
determined. Only limited studies indicate that non-RO
resection, vascular invasion, postoperative complica-
tions, lymph node metastasis, and peritoneal invasion
are adverse prognostic factors for DA [7, 9-13]. Fur-
thermore, the predictive capability of the AJCC 8th edi-
tion staging system for prognosis is poor [14]. Therefore,
there is an urgent need to further explore the prognostic
factors of DA and to develop models that can accurately
predict patient outcomes.

The progress in big data and high-performance com-
puting technologies has made machine learning an essen-
tial component in medical research and clinical practice
[15]. Machine learning technology can sift through vast
amounts of data to uncover subtle correlations that may
not be immediately apparent to human analysts, thereby
offering new insights into disease mechanisms, patient
outcomes, and the effectiveness of various treatments
[16-18].

Therefore, our research aims to develop and validate
a machine learning-based model to predict recurrence
in DA patients. By employing a variety of sophisticated
algorithms, we strive to offer a more precise and individ-
ualized risk assessment tool, thereby enabling early inter-
ventions and improving treatment outcomes. In addition,
we intend to create a web-based version of the risk calcu-
lator to broaden the reach of our model.

Methods

This study strictly adhered to the Prediction model Risk
Of Bias Assessment Tool (PROBAST) standards and a
checklist for useful clinical prediction tools reported
by Florian Markowetz, and followed the Transpar-
ent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis (TRIPOD) Checklist
for reporting (Additional file 1) [19-21]. The complete
research process of this study is shown in Fig. 1.
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Study population

This multicenter, retrospective cohort study involved
patients with DA who underwent radical surgery
between 2012 and 2023 at 16 Chinese hospitals which are
all tertiary grade A hospitals in China. Prior to surgery
and the subsequent follow-up survey, each patient pro-
vided informed consent. The surgical procedures were
expertly conducted by seasoned senior surgeons. Adher-
ence to ethical standards was ensured by conducting the
study in compliance with the Declaration of Helsinki
(revised in 2013), and ethical approval was secured from
the Hospital Ethics Committee of the National Cancer
Center (No. 22/213-3415). Patients were divided into a
training cohort (National Cancer Center; Beijing Tian-
tan Hospital; Peking University First Hospital; Shanxi
Cancer Hospital; Affiliated Hospital of Chengde Medical
University; Shaanxi Provincial People’s Hospital; Beijing
Friendship Hospital; Chinese Pla General Hospital; Qilu
Hospital of Shandong University; Xuanwu Hospital Capi-
tal Medical University; The Second Hospital of Hebei
Medical University; Beijing Hospital; And The First Hos-
pital of China Medical University) and three independent
external validation cohorts (Peking University Third Hos-
pital (validation cohort 1), Beijing Chao-Yang Hospital
(validation cohort 2)), and Zhejiang Provincial People’s
Hospital (validation cohort 3)).

Inclusion and exclusion criteria

Adult participants with DA who underwent Pancreati-
coduodenectomy or Pylorus-preserving pancreaticoduo-
denectomy were included. The exclusion criteria were as
follows: (1) died during the perioperative period; (3) lost
to follow-up; (3) insufficient clinical data.

Data collection and blind assessment

Before starting the data collection process, training ses-
sions on the data extraction form were held for all staff
involved at the participating centers. The medical records
of eligible patients were reviewed. Given the variations in
units across participating centers, the units for all labo-
ratory measurements were standardized. All preopera-
tive laboratory measurements should be the most recent
measurements conducted prior to the surgery, and all
postoperative laboratory measurements should be con-
ducted on the first day after the surgery.

For assessing predictive outcomes for recurrence, and
to preserve the integrity of predictor assessment, all eval-
uations were performed by researchers blinded to the
participants’ predicted outcomes and the values of other
predictors. This method aimed to minimize any poten-
tial biases or preconceived notions that might influence
the evaluation results. An independent assessment team
was established specifically for this purpose. The team
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2,189 DA patients who underwent surgery
between 2012 and 2023

-Died during perioperative period (n=45)

-Lost to follow-up (n=223)
-Insufficient clinical data (n=91)

1,830 DA patients who underwent surgery
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Fig. 1 Flow diagram of the study

members were deliberately kept uninformed about the
machine learning model’s recurrence predictions and the
input predictors. This was to ensure that the verification
of recurrence was based purely on the clinical data of the
participants, free from any influence of the model’s pre-
dictive outcomes.

Predictor selection

In the training cohort, over 35% of missing parameters
were excluded from the analysis. 53 variables of the train-
ing cohort, including sex, age, body mass index (BMI),
stomach ache, abdominal bloating, jaundice, fever, poor
appetite, emaciation, gastrointestinal obstruction, biliary
obstruction, coronary heart disease, stroke, hyperten-
sion, diabetes, personal cancer history, liver dysfunction,

smoking history, drinking history, family cancer history,
preoperative white blood cell (WBC) count, preoperative
hemoglobin level, preoperative platelet (PLT) count, preop-
erative CA19.9 level, preoperative CEA level, preoperative
total bilirubin (TBIL) level, preoperative direct bilirubin
(DBIL) level, operation time, surgical approach, surgical
procedure, intraoperative blood loss, volume of intraopera-
tive blood transfusion, maximum diameter of the tumor,
nerve invasion, vascular tumor thrombus, tumor site, inva-
sion of the muscularis propria, invasion of adjacent organs
or structures, number of positive lymph nodes, postop-
erative alanine aminotransferase (ALT) level, postopera-
tive aspartate aminotransferase (AST) level, postoperative
alkaline phosphatase (ALP) level, postoperative TBIL level,
postoperative DBIL level, postoperative pancreatic fistula,
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postoperative biliary fistula, postoperative gastroparesis,
abdominal hemorrhage, gastrointestinal bleeding, abdomi-
nal infection, postoperative ileus, incisional infection, and
secondary surgery, were included in ten machine learning
learners to select predictors.

We chose widely recognized machine learning learners
capable of handling both continuous and categorical vari-
ables. These included: Akritas estimator (AKE), Gradi-
ent Boosting (GB), Boosted Generalized Additive Model
(GAMB), Boosted Generalized Linear Model (GLMB),
Survival Tree (ST), Conditional Inference Tree (CIT),
Random Survival Forest (RSF), Conditional Random For-
est (CRF), Accelerated Oblique Random Survival Forest
(AORSF), Penalized Regression (PR). These learners were
all sourced from the "mlr3proba" R package [22].

The AKE is a non-parametric estimation method
used in regression analysis to handle censored or trun-
cated dependent variables. It estimates the relation-
ship between the dependent and independent variables
through ranking and regression techniques [23]. GB is an
ensemble learning algorithm that iteratively adds weak
learners (typically decision trees) to fit the residuals of
the previous step, progressively optimizing the loss func-
tion to enhance the overall predictive performance of the
model [24]. The GAMB and GLMB are ensemble learning
methods that enhance the predictive performance and
adaptability of a model by iteratively adding and adjust-
ing a series of base learners from Generalized Additive
Models or Generalized Linear Models [25]. ST is a deci-
sion tree model used in survival analysis that recursively
splits data to group individuals based on their survival
times and the risks of event occurrence, thereby provid-
ing insights into survival probabilities [26]. Besides, ST
can also be used to identify cut-offs. The CIT is a method
for constructing decision trees that use statistical tests
to select splitting variables and points, thereby reducing
bias and overfitting in the model during the splitting pro-
cess in a non-parametric and conditional inference-based
manner [27]. RSF is an ensemble learning method used
in survival analysis that constructs multiple survival trees
and uses the results from these trees to estimate the sur-
vival functions and hazard ratios for individuals, thereby
offering a powerful analysis of survival time data [28].
The CRF is an ensemble learning algorithm that builds
multiple decision trees and uses conditional inference
tests to select variables and split points. This approach
enhances the robustness and accuracy of the model while
reducing bias in variable selection [29]. The AORSF is
a survival analysis model that combines the ensemble
learning techniques of random forests with the approach
of oblique decision trees. This integration enhances the
accuracy and efficiency in handling complex survival data
[30]. PR is a regression analysis technique that controls
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model complexity by adding penalty terms (such as L1
or L2 regularization) to the loss function. This approach
helps to prevent overfitting and enhances the model’s
generalization ability [31].

We use Wrapper methods (WM) for the predictor
selection. WM work by fitting models on selected fea-
ture subsets, evaluating their performance, and ulti-
mately selecting the feature subset that performs best for
that learner. The entire predictor selection process using
WM is as follows: (1) the learner selects a feature subset
(iteratively adding features to the model in sequential
forward selection); (2) a ten-fold cross-validation resa-
mpling strategy is used to develop a pre-model and cal-
culate the concordance index (C-index) of the pre-model
for that feature subset; (3) repeat the above process until
the C-index for all feature subsets has been calculated;
(4) select and output the feature subset with the highest
C-index as the result of the WM for that learner. The pre-
dictor selection result for each learner is a feature subset
that includes several clinical features.

After separately calculating the above ten machine
learning learners, we obtained a total of ten feature sub-
sets for subsequent model development.

Development and validation of machine learning model
The ten machine learning learners, combined with ten
feature subsets, were used to develop models. These
models were trained using the training cohort, culminat-
ing in 100 prediction models. These models were subse-
quently validated within three validation cohorts.

The C-index was utilized to assess model performance.
As a statistical measure for evaluating the predictive
capability of survival analysis models, the C-index is
widely used in medical research. It gauges the congru-
ence between model predictions and actual outcomes,
with its value ranging from 0 to 1. A higher C-index
indicates superior predictive accuracy of the model. The
model with the highest average C-index of the three
validation cohorts was chosen for further investigation.
Calibration curves were generated to evaluate the corre-
spondence between predicted and actual non-incidence
rates of recurrence at 1, 3, and 5 years. Time-dependent
calibration curves were used to reflect the degree of cali-
bration over an entire time range. The area under the
time-dependent receiver operating characteristic (ROC)
curves (AUC) served to compare the predictive accuracy
and discriminative power of the model and its compo-
nents. Decision curve analysis (DCA) was conducted
to determine the clinical utility of the model, assess-
ing the clinical benefits for patients at 1, 3, and 5 years.
Risk scores were calculated in the training and validation
cohorts using the machine learning model.
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To examine how different features influence model
performance over time, a time-dependent feature impor-
tance analysis method was employed. The significance of
each predictor was evaluated by computing the model’s
Brier score loss after permuting feature values, with this
process repeated through a tenfold cross-validation resa-
mpling strategy for statistical reliability. This approach
enabled the identification of which features’ importance
for model predictions varies over time, providing insights
crucial for time-sensitive clinical decision-making.

Development of a web risk calculator and a staging system
The ST was employed to determine the cut-off value for
the risk score, thereby classifying patients into high-risk,
medium-risk, and low-risk groups. Furthermore, a web-
based application (https://drlx0721.shinyapps.io/PAMfo
rDA/) was developed to make these predictive models
accessible online, utilizing the R package “shiny” for its
development [32].

Statistical analysis

Kolmogorov—-Smirnov test was used to assess whether
the data followed a normal distribution. For normally-
distributed continuous variables, the data were described
as mean tstandard deviation and compared using the
t-test. If continuous variables did not conform to a nor-
mal distribution, the Mann—Whitney U test was used,
and results were presented as median (interquartile
range). Categorical data were presented as numbers and
frequencies, and either the chi-square test or Fisher’s
exact test was used for comparisons. The cumulative risk
curves were utilized to assess differences in recurrence
rate across the high-risk, intermediate-risk, and low-risk
groups. All statistical tests were two-sided, with P-val-
ues<0.05 indicating statistical significance. All figure
illustrations and statistical analyses were conducted using
R version 4.2.3.

Role of the funding source

The funder of the study had no role in study design, data
collection, data analysis, data interpretation, or writing of
the report.

Results

Patient characteristics

A total of 2189 patients with DA who underwent radical
surgery were identified. Among them, 359 patients who
did not meet the inclusion criteria were excluded. Conse-
quently, 1830 patients were included in the analysis.

The baseline characteristics of the training cohort
(n=1449), validation cohort 1 (n=136), validation
cohort 2 (n=105), and validation cohort 3 (7 =140)
are presented in Table 1. In the training cohort, the
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median age is 61 (IQR 54.0; 67.0), the median follow-
up time is 24 (IQR 12.0; 43.0) months, and the recur-
rence rate is 30.8%. Among them, 58.2% were male.
In the validation cohort 1, the median age is 64 (IQR
56.0; 69.0), the median follow-up time is 19 (IQR 6.00;
37.0) months, and the recurrence rate is 49.3%. Among
them, 64.7% were male. In the validation cohort 2, the
median age is 66 (IQR 59.0; 73.0), the median follow-
up time is 20 (IQR 10.0; 61.0) months, and the recur-
rence rate is 56.2%. Among them, 53.3% were male.
In the validation cohort 3, the median age is 66 (IQR
58.0; 71.0), the median follow-up time is 21 (IQR 12.0;
39.2) months, and the recurrence rate is 25.0%. Among
them, 59.3% were male.

Predictor selection

Fifty-three variables from the training cohort were
included in the selection of predictors. Using ten machine
learning learners and applying the WM, we obtained
ten feature subsets, the details of which are displayed in
Table S1 (Additional file 2: Table S1).

Model development, validation, and evaluation

For the development of the model using the training
cohort, ten feature subsets were processed through ten
machine learning learners and subsequently validated
across three validation cohorts. This process resulted
in a total of 100 machine learning models specifically
designed for predicting recurrence.

The initial evaluation focused on the C-index, with
rankings among the top 50 average C-indexes out
of all 100 prediction models displayed in Fig. 2. The
PR+ AORSF model (PAM) showcased the highest aver-
age C-index of three validation cohorts at 0.739, mak-
ing it the most effective model among all. The C-index
for PAM was 0.882 (95% CI 0.860—0.886) in the train-
ing cohort, 0.747 (95% CI 0.683-0.798) in the validation
cohort 1, 0.736 (95% CI 0.649-0.792) in the validation
cohort 2, and 0.734 (95% CI 0.674—0.791) in the valida-
tion cohort 3, marking the highest values compared to
other models. PAM incorporates 17 predictors: age, jaun-
dice, preoperative WBC count, preoperative hemoglobin
level, preoperative CA19.9 level, preoperative CEA level,
operation time, volume of intraoperative blood transfu-
sion, maximum diameter of the tumor, nerve invasion,
vascular tumor thrombus, invasion of the muscularis
propria, invasion of adjacent organs or structures, num-
ber of positive lymph nodes, postoperative ALP level,
gastrointestinal bleeding, and abdominal hemorrhage.

The time-dependent calibration curves, along with the 1,
3, and 5-year calibration curves for PAM, demonstrate that
PAM achieved moderate calibration in the training cohort
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Table 1 Baseline characteristics of the cohort

Training cohort, n=1449 Validation Validation Validation Pvalue
cohort1,n=136 cohort2,n=105 cohort3,n=140

Sex 0.336
Female 605 (41.8%) 48 (35.3%) 49 (46.7%) 57 (40.7%)
Male 844 (58.2%) 88 (64.7%) 56 (53.3%) 83 (59.3%)

Age (years) 61.0 (54.0,67.0) 64.0 (56.0,69.0) 66.0 (59.0,73.0) 66.0 (58.0;71.0) <0.001

Stomach ache <0.001
No 1096 (75.6%) 76 (55.9%) 90 (85.7%) 90 (64.3%)
Yes 353 (24.4%) 60 (44.1%) 15 (14.3%) 50 (35.7%)

Abdominal bloating 0.045
No 1230 (84.9%) 115 (84.6%) 99 (94.3%) 115 (82.1%)
Yes 219 (15.1%) 21 (15.4%) 6 (5.71%) 25 (17.9%)

Jaundice 0.024
No 655 (45.2%) 53 (39.0%) 45 (42.9%) 79 (56.4%)
Yes 794 (54.8%) 83 (61.0%) 60 (57.1%) 61 (43.6%)

Fever 0.276
No 1309 (90.3%) 117 (86.0%) 98 (93.3%) 126 (90.0%)
Yes 140 (9.66%) 19 (14.0%) 7 (6.67%) 14 (10.0%)

Poor appetite 0452
No 1399 (96.5%) 130 (95.6%) 103 (98.1%) 138 (98.6%)
Yes 50 (3.45%) 6 (4.41%) 2 (1.90%) 2 (1.43%)

Emaciation <0.001
No 1433 (98.9%) 95 (69.9%) 105 (100%) 138 (98.6%)
Yes 16 (1.10%) 41(30.1%) 0 (0.00%) 2 (1.43%)

Coronary heart disease 0.054
No 1381 (95.3%) 124 (91.2%) 96 (91.4%) 135 (96.4%)
Yes 68 (4.69%) 12 (8.82%) 9 (8.57%) 5(3.57%)

Stroke 0.306
No 1418 (97.9%) 130 (95.6%) 104 (99.0%) 138 (98.6%)
Yes 31 (2.14%) 6 (4.41%) 1(0.95%) 2(1.43%)

Hypertension <0.001
No 1106 (76.3%) 95 (69.9%) 60 (57.1%) 88 (62.9%)
Yes 343 (23.7%) 41 (30.1%) 45 (42.9%) 52 (37.1%)

Diabetes 0.070
No 1263 (87.2%) 110 (80.9%) 90 (85.7%) 114 (81.4%)
Yes 186 (12.8%) 26 (19.1%) 15 (14.3%) 26 (18.6%)

Personal cancer history <0.001
No 1396 (96.3%) 123 (90.4%) 105 (100%) 139 (99.3%)
Yes 53 (3.66%) 13 (9.56%) 0 (0.00%) 1(0.71%)

Liver dysfunction 0.001
No 1403 (96.8%) 126 (92.6%) 105 (100%) 140 (100%)
Yes 46 (3.17%) 10 (7.35%) 0(0.00%) 0 (0.00%)

Smoking history 0.010
No 1009 (69.6%) 99 (72.8%) 77 (73.3%) 116 (82.9%)
Yes 440 (30.4%) 37 (27.2%) 28 (26.7%) 24 (17.1%)

Drinking history 0.262
No 1111 (76.7%) 111 (81.6%) 84 (80.0%) 115 (82.1%)
Yes 338 (23.3%) 25 (18.4%) 21 (20.0%) 25 (17.9%)

Family cancer history 0.304
No 1348 (93.0%) 128 (94.1%) 98 (93.3%) 136 (97.1%)
Yes 101 (6.97%) 8 (5.88%) 7 (6.67%) 4(2.86%)

Body mass index (kg/m?) 0.004
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Table 1 (continued)
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Training cohort, n=1449

Validation
cohort1,n=136

Validation
cohort 2, n=105

Validation P value

cohort 3,n=140

<185

185-239

>239
Gastrointestinal obstruction

No

Yes
Biliary obstruction

No

Yes
Preoperative WBC count (*1 0%/L)
Preoperative hemoglobin level (g/L)
Preoperative PLT count (*10%/L)
Preoperative CA199 level (U/ml)
Preoperative CEA level (ng/ml)
Preoperative TBIL level (umol/L)
Preoperative DBIL level (umol/L)
Operation time (min)
Surgical approach

Open

Laparoscope

Robotic
Surgical procedure

Local resection

Pancreaticoduodenectomy

Pyloric-preserving pancreaticoduodenectomy

Intraoperative blood loss (ml)

Volume of intraoperative blood transfusion (ml)

Maximum diameter of the tumor (cm)
Nerve invasion
No
Yes
Vascular tumor thrombus
No
Yes
Tumor site
Ampullary
Non-ampullary
Invasion of the muscularis propria
No
Yes
T stage
T1
T2
T3
T4
Lymph node metastasis
No
Yes
AJCC stage
|

77 (5.31%)
815 (56.2%)
557 (38.4%)

1398 (96.5%)
51(3.52%)

477 (32.9%)
972 (67.1%)
6.00 (4.93;7.32)
122 (108;134)
249 (207;306)
49.6(18.2,145)
2.30(1.53;3.54)
452 (15.1;114)
306 (6.70,88.3)
300 (240;360)

991 (68.4%)
202 (13.9%)
256 (17.7%)

18 (1.24%)
1316 (90.8%)
115 (7.94%)
200 (100;300)
0.00 (0.00;0.00)
2.20 (1.50;3.00)

1148 (79.2%)
301 (20.8%)

1179 (81.4%)
270 (18.6%)

696 (48.0%)
753 (52.0%)

205 (14.1%)
1244 (85.9%)

205 (14.1%
439 (30.3%
669 (46.2%,

136 (9.39%

1048 (72.3%)
401 (27.7%)

536 (37.0%)

12 (8.82%)
70 (51.5%)
54 (39.7%)

127 (93.4%)
9 (6.62%)

44 (32.4%)

92 (67.6%)
6.30(5.03;7.97)
122 (105;134)
259(212;335)
49.6(21.9;154)
2.30(1.67;3.95)
534(14.3,163)
289 (3.68,112)
372 (315;420)

85 (62.5%)
34 (25.0%)
17 (12.5%)

2 (1.47%)

134 (98.5%)
0(0.00%)

200 (100;300)
0.00 (0.00;0.00)
2.45 (1.50;3.50)

73 (53.7%)
63 (46.3%)

84 (61.8%)
52 (38.2%)

112 (82.4%)
24 (17.6%)

7 (5.15%)
129 (94.9%)

7 (5.15%)

41 (30.1%)
61 (44.9%)
27 (19.9%)

80 (58.8%)
56 (41.2%)

37 (27.2%)

2 (1.90%)
50 (47.6%)
53 (50.5%)

81 (77.1%)
24 (22.9%)

19 (18.1%)

86 (81.9%)
6.15 (5.05;7.36)
115(103;126)
256 (201;298)
37.8(14.2,211)
1.85(1.11;3.09)
47.1(14.9;165)
30.9(8.20;129)
540 (480;645)

105 (100%)
0 (0.00%)
0 (0.00%)

0(0.00%)

105 (100%)
0(0.00%)

500 (300;600)
0.00 (0.00;800)
2.30 (1.80;3.00)

57 (54.3%)
48 (45.7%)

60 (57.1%)
45 (42.9%)

61 (58.1%)
44 (41.9%)

17 (16.2%)
88 (83.8%)

17 (16.2%)
39 (37.1%)
49 (46.7%)
0(0.00%)

60 (57.1%)
45 (42.9%)

44 (41.9%)

12 (8.57%)

89 (63.6%)
39 (27.9%)

<0001
130 (92.9%)
10 (7.14%)

<0.001
77 (55.0%)
63 (45.0%)
5.85 (4.76;7.30) 0278
118 (104;129) 0.001
229 (184;304) 0.038
323(12.6,99.3) 0.024
2.40 (1.70;4.03) 0.002
26.4(12.9;88.3) 0.020
114 (2.88;48.7) <0.001
360 (295:431) <0001

<0001
11 (7.86%)
107 (76.4%)
22 (15.7%)

<0.001
3(2.14%)
122 (87.1%)
15 (10.7%)
200 (100;400) <0.001
0.00 (0.00;412) <0001
2,50 (1.50;3.23) 0.304

<0001
90 (64.3%)
50 (35.7%)

<0.001
100 (71.4%)
40 (28.6%)

<0001
29 (20.7%)
111 (79.3%)

0.024

21 (15.0%)
119 (85.0%)

<0001
21 (15.0%)
64 (45.7%)
47 (33.6%)
8(5.71%)

<0001
99 (70.7%)
41 (29.3%)

<0001

69 (49.3%)
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Table 1 (continued)

Training cohort, n=1449 Validation Validation Validation P value
cohort1,n=136 cohort2,n=105 cohort3,n=140

Il 481 (33.2%) 37 (27.2%) 16 (15.2%) 29 (20.7%)
11l 432 (29.8%) 62 (45.6%) 45 (42.9%) 42 (30.0%)
Invasion of adjacent organs or structures <0.001
No 625 (43.1%) 55 (40.4%) 56 (53.3%) 125 (89.3%)
Yes 824 (56.9%) 81 (59.6%) 49 (46.7%) 15 (10.7%)
Number of positive lymph nodes 0.00 (0.00;1.00) 0.00 (0.00;2.00) 0.00 (0.00;3.00) 0.00 (0.00;1.00) <0.001
Postoperative ALT level (U/L) 74.0 (43.0,127) 71.0(71.0,71.0) 39.0 (29.0;58.0) 70.0 (41.0,127) <0.001
Postoperative AST level (U/L) 63.0 (41.0,97.1) 63.0(57.8,96.5) 39.0 (28.0;69.0) 63.0 (56.8;99.2) <0.001
Postoperative ALP level (U/L) 149 (96.0;266) 182 (85.2;330) 144 (97.0;176) 329(28.843.8) <0.001
Postoperative TBIL level (umol/L) 33.6(17.9;,79.6) 52.8(21.8;132) 324(18.7,98.1) 31.9(20.3;62.3) 0.007
Postoperative DBIL level (umol/L) 20.8 (8.80;59.3) 19.9(19.9;,19.9) 21.6 (8.99,80.9) 13.1 (6.40;33.5) 0.002
Postoperative pancreatic fistula <0.001
No 798 (55.1%) 60 (44.1%) 70 (66.7%) 0 (0.00%)
A 530 (36.6%) 55 (40.4%) 29 (27.6%) 118 (84.3%)
B 121 (8.35%) 21 (15.4%) 6 (5.71%) 22 (15.7%)
Postoperative biliary fistula <0.001
No 1360 (93.9%) 127 (93.4%) 103 (98.1%) 120 (85.7%)
Yes 89 (6.14%) 9 (6.62%) 2 (1.90%) 20 (14.3%)
Postoperative gastroparesis 0.005
No 1350 (93.2%) 131 (96.3%) 94 (89.5%) 121 (86.4%)
Yes 99 (6.83%) 5 (3.68%) 11(10.5%) 19 (13.6%)
Abdominal hemorrhage <0.001
No 1377 (95.0%) 132 (97.1%) 100 (95.2%) 115 (82.1%)
Yes 72 (4.97%) 4(2.94%) 5 (4.76%) 25 (17.9%)
Gastrointestinal bleeding <0.001
No 1419 (97.9%) 128 (94.1%) 95 (90.5%) 137 (97.9%)
Yes 30 (2.07%) 8 (5.88%) 10 (9.52%) 3(2.14%)
Abdominal infection <0.001
No 1255 (86.6%) 100 (73.5%) 98 (93.3%) 107 (76.4%)
Yes 194 (13.4%) 36 (26.5%) 7 (6.67%) 33 (23.6%)
Postoperative ileus 0517
No 1421 (98.1%) 131 (96.3%) 103 (98.1%) 137 (97.9%)
Yes 28 (1.93%) 5 (3.68%) 2 (1.90%) 3(2.14%)
Incisional infection 0.088
No 1380 (95.2%) 127 (93.4%) 103 (98.1%) 138 (98.6%)
Yes 69 (4.76%) 9 (6.62%) 2 (1.90%) 2 (1.43%)
Secondary surgery <0.001
No 1391 (96.0%) 132(97.1%) 97 (92.4%) 122 (87.1%)
Yes 58 (4.00%) 4(2.94%) 8 (7.62%) 18 (12.9%)
Recurrence <0.001
No 1002 (69.2%) 69 (50.7%) 46 (43.8%) 105 (75.0%)
Yes 447 (30.8%) 67 (49.3%) 59 (56.2%) 35 (25.0%)
Follow-up time (months) 24.0 (12.0,43.0) 19.0 (6.00;37.0) 20.0 (10.0,61.0) 21.0(12.0;39.2) 0.029

WBC White blood cell, PLT Platelet, TBIL Total bilirubin, DBIL Direct bilirubin, ALT Alanine aminotransferase, AST Aspartate aminotransferase, ALP Alkaline phosphatase

and the three validation cohorts (Fig. 3 and Additional In the training cohort, PAM achieved an AUC of 0.91
file 3: Fig. S1). (95% CI 0.89-0.93) at 1 year, 0.95 (95% CI 0.94-0.97) at

The time-dependent ROC curves demonstrate the 3 years, and 0.93 (95% CI 0.91-0.95) at 5 years (Fig. 4A).
strong predictive accuracy of PAM over 1, 3, and 5 years  In the validation cohort 1, PAM achieved an AUC of 0.83
in the training cohort and the three validation cohorts.  (95% CI 0.76—0.90) at 1 year, 0.83 (95% CI 0.75-0.90) at
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PR+AORSF [J6882l] | 0747 | 0736 | 0734
CRF+AORSF [J0B78l] | 0741 | 0707 | 0722
CRF+CRF | 0802 | 0727 | 0721 | 0720
CRF+RSF [JESHll | o738 | o719 | 0711
CRF+GB | 0.733 0.740 0.704 0.711
PR+GB 0736 | 0743 0703 | 0707
PR+CRF | 0814 0733 0707 | 0.712
RSF+CRF| 0793 | 0720 | 0717 | 0.715
RSF+AORSF 0877l <0734 | 0709 | 0.708
AORSF+GB  0.730 0.741 0.702 0.708
AORSF+AORSF 0872l | 0747 | 0704 | 0.700
RsF+RsF 0Bl o735 | 0717 | o697
GAMB+AORSF 0834 | | 0735 | 0705 | 0704
GB+CRF| 0786 | 0721 | 0717 | 0705
GAMB+GB | 0.721 0.731 0.701 0.711
GB+AORSF J08610 0732 | 0711 | 0699
PR+RSF B2l 0743 o717 | 0679
AORSF+RSF [Ji820l] | 0745 | o698 | 0695
GB+RsSF [JiSall 0726 | o707 | 0703
AORSF+CRF | 0.804 0715 0700 | 0719
GAMB+CRF | 0780 | 0731 | 0688 | 0.710
GLMB+AORSF | 0803 | | 0719 | 0714 | 0695
GB+GB | 0.727 0.744 0.698 0.685
AKE+AORSF | 0.728 | 0731 | 069 | 0698
RSF+GB  0.730 0.735 0.683 0.701
GAMB+RSF [J6802l] 0726 | 0695 | 0.69%
AKE+CRF | 0709 | 0708 0708 | 0.698
AKE+RSF | 0.729 0.716 0.694 0.703
CRF+GAMB 0702 0722 0701 | 0688
PR+GAMB | 0702 | 0722 | 0701 | 0688
GAMB+GAMB| 0.701 | 0720 | 0706 | 0.686
GLMB+RSF | 0831 069 0720 | 0.693
GLMB+CRF | 0750 | 0703 | 0711 | 0693
GB+GAMB 0703 0721 | 0698 | 0683
AORSF+GAMB | 0703 | 0721 | 0698 | 0.683
RSF+GAMB| 0703 | | 0721 | | 0698 | 0683
PR+PR 0700 0721 | 0706 0673
GLMB+GAMB | 0702 | 0718 0699  0.681
AKE+GB 0701 0715 | 0703 | 0678
AKE+GAMB 0696 | 0718 | 0701 | 0672
GLMB+GB | 0.714 0.717 0.699 0.674
GAMB+PR | 0693 | 0710 | 0699 | 0677
CRF+GLMB  0.692 0.717 0.701 0.663
PR+GLMB| 0692 | 0717 | 0701 | 0663
CIT+AORSF | 0.800 0696 0703 | 0.680
AORSF+PR | 0.706 0.721 0.695 0.660
CIT+CRF| 0751 | 0698 0705 | 0672
ST+GB 0703 0713 0678 0682
GAMB+GLMB| 0690 | 0708 | 0705 | 0.659
CIT+GB 0703 0707 | 0685 | 0.680
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Fig. 2 Concordance index of top 50 machine learning models. The C-index for the top 50 out of 100 machine learning models was calculated
for the training cohort and three validation cohorts. Ranking of the models was based on the average C-index of three validation cohorts. AKE,
Akritas estimator; GB, Gradient Boosting, GAMB, Boosted Generalized Additive Model; GLMB, Boosted Generalized Linear Model; ST, Survival Tree;
CIT, Conditional Inference Tree; RSF, Random Survival Forest; CRF, Conditional Random Forest; AORSF, Accelerated Oblique Random Survival Forest;

PR, Penalized Regression; C-index, concordance index

3 years, and 0.82 (95% CI 0.71-0.91) at 5 years (Fig. 4B).
In the validation cohort 2, PAM achieved an AUC of 0.74
(95% CI 0.62—0.84) at 1 year, 0.76 (95% CI 0.65-0.85) at
3 years, and 0.77 (95% CI 0.66—0.86) at 5 years (Fig. 4C).
In the validation cohort 3, PAM achieved an AUC of 0.77
(95% CI 0.66—0.86) at 1 year, 0.81 (95% CI 0.71-0.89) at
3 years, and 0.77 (95% CI 0.62—-0.89) at 5 years (Fig. 4D).

The DCA for the PAM demonstrated a consistent net
benefit in the training cohort and three validation cohorts
over a range of threshold probabilities (Additional file 4:
Fig. S2). In all four cohorts, the PAM outperformed the
‘treat none’ and ‘treat all’ strategies, indicating that it had
practical utility in decision-making.
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Fig. 3 Evaluating the calibration of PAM by time-dependent calibration curves. A Training cohort, B validation cohort 1, C validation cohort 2, D

Validation cohort 3

Model interpretation and development of stage system
The time-dependent feature importance curves show
the varying importance of each predictor in PAM over
time (Fig. 5). The results indicate that the number of
positive lymph nodes, invasion of adjacent organs or
structures, and the maximum diameter of the tumor
are the most important factors over the follow-up
period. To further enhance the usability of the model,
we developed a web-based risk calculator (Methods).
Additionally, we developed a staging system based on
PAM, utilizing the ST learner to categorize DA patients
into three risk groups according to PAM’s risk scores.
Cumulative risk curves demonstrate statistically sig-
nificant differences in recurrence rate among the high-
risk, medium-risk, and low-risk groups across the four
cohorts (Additional file 5: Fig. S3).

Discussion

In this study, we developed and validated a machine
learning-based model to predict recurrence in postop-
erative DA patients. The prognostic model exhibited
accuracy in the training and three validation cohorts.
In terms of predictive values, PAM generally exhibits a
moderate level C-index and AUC, indicating the model’s
accuracy and stability in predicting cancer recurrence.
Additionally, the time-dependent calibration curves and
DCA demonstrate the moderate calibration and clinical

A B

Training cohort Validation cohort 1

net benefit of PAM. Our study indicates that PAM has
the potential to identify postoperative recurrence in DA
patients. This can assist clinicians in assessing the sever-
ity of the disease, facilitating patient follow-up, and aid-
ing in the formulation of adjuvant treatment strategies.
To our knowledge, this study is the first to develop a
prognostic model for DA, and the predictive perfor-
mance of the model is exceptionally good.

Recently, the development of predictive models has
gained significant attention among clinical scientists.
Therefore, the standardized development and validation
of predictive models are crucial, and our study adhered
rigorously to these standards. Finhn et al. noted that the
proliferation of predictive models has been accompanied
by an increasing awareness of the need for standards to
ensure their accuracy. A significant milestone was the
publication of the TRIPOD guidelines nearly a decade
ago [21, 33]. Wolff et al. developed a tool to assess the risk
of bias and the applicability of prediction model stud-
ies [19]. This tool includes 20 signal questions designed
to enable researchers to self-assess their studies. Florian
Markowetz proposed a checklist for useful clinical pre-
diction tools aimed at making clinical prediction models
impactful for patients [20]. The aforementioned checklist
and tools were used to standardize our research.

PAM has a clear clinical decision point: the end of the
perioperative period, where the patient transitions to the

C D

Validation cohort 2 Validation cohort 3
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Fig. 4 Evaluating the predictive accuracy of PAM by time-dependent ROC curves. A Training cohort, B validation cohort 1, C validation cohort 2, D

validation cohort 3
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Fig.5 Interpretation the PAM by time-dependent feature importance curves

next phase of treatment or enters long-term follow-up.
PAM outputs the patient’s risk score, risk group, and the
probability of recurrence at a selected time, which aids
doctors in making decisions about further treatment
plans. Due to the lack of standardized adjuvant treatment
methods for DA after surgery, clinical trials are the pre-
ferred option for all patients considering adjuvant ther-
apy [4]. Therefore, providing guidance for postoperative
adjuvant therapy for DA patients is crucial, which pre-
cisely constitutes the greatest clinical value of PAM.

In the DCA, we identified threshold probability
ranges for recurrence of approximately 10-60% at 1
year, 12—-90% at 3 years, and 15-90% at 5 years. By using
these thresholds, PAM enables clinicians to make more
informed treatment decisions [34]. For patients whose
predicted recurrence risk exceeds the lower limits of
these thresholds, more aggressive treatment or closer
monitoring may be recommended, such as chemother-
apy or encouraging participation in clinical trials. Con-
versely, for those whose recurrence risk falls below the
lower limits of these thresholds, a conservative approach
may be preferred to avoid unnecessary interventions
and improve quality of life. This strategy can also assist
in resource allocation, ensuring that high-risk patients
receive prioritized care and intensive follow-up when
needed, while low-risk patients can be monitored with
standard care protocols. This not only tailors follow-up
schedules and treatments to individual needs but also

provides patients and their families with clearer expecta-
tions for future health management.

Feature selection was employed to enhance the model’s
interpretability and clinical utility. By reducing the num-
ber of predictors, the model becomes easier to under-
stand and apply, streamlining the data collection process
for clinical practice. Additionally, we used a Wrapper
Method to ensure that only predictors contributing to
model performance were retained, improving the model’s
efficiency and accuracy.

All predictors used in PAM are commonly employed
in clinical practice. The patient’s age can be determined
from their identification documents, and the presence
of jaundice can be ascertained from the physical exami-
nation upon admission. Preoperative levels of WBC,
hemoglobin, CEA, and CA19.9 can be obtained from
preoperative laboratory records. Operation time and
intraoperative blood transfusion volumes are available in
surgical records. The maximum diameter of the tumor,
nerve invasion, vascular tumor thrombus, invasion of the
muscularis propria, invasion of adjacent organs or struc-
tures, and the number of positive lymph nodes can be
determined from postoperative pathology reports. Post-
operative ALP levels can be obtained from postoperative
laboratory records. Postoperative complications such as
gastrointestinal bleeding and abdominal hemorrhage can
be identified from perioperative medical records.

It is important to note that due to differences in T stag-
ing between DA of the ampulla and non-ampulla, the T
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stage was not included in the model development pro-
cess [14]. Instead, the T stage was divided into two vari-
ables: whether there was an invasion into the muscularis
propria and whether there was an invasion into adjacent
organs or structures, which helped reduce information
entropy. Additionally, the number of positive lymph
nodes was used instead of the N stage because it provides
more detailed information that is more beneficial for
model fitting.

As patients age, a decline in immune function and cel-
lular repair mechanisms may increase the risk of can-
cer recurrence [35-37]. Abnormal preoperative levels
of WBC, hemoglobin, CEA, and CA19.9 may indicate
systemic inflammation, anemia, or higher tumor bur-
den, all of which are associated with a higher likelihood
of recurrence [38—42]. Similarly, prolonged surgery and
significant blood transfusions may lead to postopera-
tive immune suppression, potentially facilitating resid-
ual cancer cell survival [43-48]. Tumor-related factors,
such as larger tumor size, nerve invasion, vascular tumor
thrombi, and muscularis propria invasion, reflect more
aggressive biological behavior and are linked to poorer
prognoses [49-55]. Postoperative indicators, including
elevated ALP levels and gastrointestinal or abdominal
bleeding, can signify compromised health status, which
indirectly impacts tumor management and recovery out-
comes [56-59].

The model’s performance in the validation cohorts,
with an average C-index of approximately 0.750, indi-
cates moderate predictive accuracy. This level of perfor-
mance, while not exceptional, still offers clinical value
in guiding treatment planning for postoperative DA
patients. However, several factors likely contribute to this
moderate performance in the validation cohorts. In our
multicenter study, we included four cohorts with vary-
ing degrees of clinical baseline differences. These varia-
tions improve the model’s generalizability by testing it
across diverse patient populations and settings, but they
may also account for the moderate C-index observed
in the validation sets. It is noteworthy, however, that
achieving a C-index of approximately 0.750 in cohorts
with significant differences in baseline characteristics
and clinical settings demonstrates the robustness of our
model. Despite only moderate predictive accuracy, the
model’s reliability is reinforced by its performance across
large sample sizes in external multicenter validation. This
certainly provides DA, which lacks effective predictive
tools, with a valuable new resource.

While our study yielded promising results, it is cru-
cial to recognize its limitations. Firstly, the PAM was
developed primarily using data from Chinese patients,
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requiring further validation across different racial groups
to confirm its generalizability. Secondly, the absence of
standardized treatment guidelines meant that data on
potentially prognostic variables like adjuvant chemo-
therapy and radiotherapy were missing, thereby limiting
their inclusion in this study and potentially restricting the
model’s predictive capacity. Thirdly, molecular pathol-
ogy features were not integrated into the model, which
could have otherwise enhanced its predictive accuracy.
Finally, the retrospective nature of data collection from
multiple centers resulted in instances of missing data.
While this limitation might be offset by strict inclusion
and exclusion criteria and a large sample size, prospective
international multicenter studies are necessary to further
validate the performance of the PAM.

Conclusions

In summary, our study developed the PAM for accurately
predicting recurrence in DA patients who underwent
radical surgery. PAM demonstrated stable and moder-
ate predictive performance, calibration, and clinical net
benefit across three independent validation cohorts.
Although moderate in predictive accuracy, the model
provides a useful framework for risk stratification in
postoperative DA management, aiding clinicians in mak-
ing more informed, patient-centered decisions.
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AORSF Accelerated Oblique Random Survival Forest

PR Penalized Regression

WM Wrapper method
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