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Background: The risk of postoperative pancreatic fistula (POPF), one of the most dreaded complications after pancreatic surgery,
can be predicted from preoperative imaging and tabular clinical routine data. However, existing studies suffer from limited clinical
applicability due to a need for manual data annotation and a lack of external validation. We propose AutoFRS (automated fistula
risk score software), an externally validated end-to-end prediction tool for POPF risk stratification based on multimodal pre-
operative data.
Materials and methods: We trained AutoFRS on preoperative contrast-enhanced computed tomography imaging and clinical
data from 108 patients undergoing pancreatic head resection and validated it on an external cohort of 61 patients. Prediction
performance was assessed using the area under the receiver operating characteristic curve (AUC) and balanced accuracy. In
addition, model performance was compared to the updated alternative fistula risk score (ua-FRS), the current clinical gold standard
method for intraoperative POPF risk stratification.
Results: AutoFRS achieved an AUC of 0.81 and a balanced accuracy of 0.72 in internal validation and an AUC of 0.79 and
a balanced accuracy of 0.70 in external validation. In a patient subset with documented intraoperative POPF risk factors, AutoFRS
(AUC: 0.84 ± 0.05) performed on par with the uaFRS (AUC: 0.85 ± 0.06). The AutoFRS web application facilitates annotation-free
prediction of POPF from preoperative imaging and clinical data based on the AutoFRS prediction model.
Conclusion: POPF can be predicted from multimodal clinical routine data without human data annotation, automating the risk
prediction process. We provide additional evidence of the clinical feasibility of preoperative POPF risk stratification and introduce
a software pipeline for future prospective evaluation.
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Introduction

Pancreatic surgery is associated with severe postoperative com-
plications, causing considerable morbidity and mortality.
Postoperative pancreatic fistula (POPF) affects about 10-30%
of patients undergoing pancreatic head resection and is the
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leading root cause of in-hospital death after pancreatic
resection[1-4]. Affected patients often experience a significant
prolongation of their postoperative course and a decline in
performance status[5,6]. In consequence, patients with pancreatic
cancer who suffer from POPF receive adjuvant chemotherapy
less often and have a shorter overall survival than patients with
an uncomplicated postoperative course, especially after neoad-
juvant chemotherapy[7-9].
Accurate preoperative complication risk stratification, there-

fore, has the potential to augment both patient informed consent
and surgical decision-making. In clinical routine, a preoperative
estimation of POPF risk could facilitate a more informed discus-
sion with patients and their relatives as well as optimizations of
the surgical process and postoperative follow-up. For example,
depending on the surgery indication, it would allow for consid-
eration of alternative conservative or surgical treatment options
or personalized adjustment of intra- and postoperative care
decisions adapted to complication risk[10-12]. The current clinical
gold standard method for POPF risk stratification in patients
undergoing both minimally invasive and open pancreatic head
resection is the updated alternative fistula risk score (ua-
FRS)[13,14], which includes small pancreatic duct diameter, soft
texture of the pancreatic remnant, high body mass index (BMI),
and male sex as risk factors for POPF. An inherent limitation of
this risk stratification method is that it is based on intraoperative
risk factors: surgeon-determined remnant texture and intrao-
peratively measured pancreatic duct width.
Manual measurements of certain regions on preoperative

computed tomography (CT) images have been demonstrated to
be prognostic of POPF risk, for example, the pancreatic duct
diameter at the location of anticipated dissection[15] and pan-
creatic neck thickness[16]. Advancements in computer vision
have facilitated the automatic analysis of medical image fea-
tures, capturing characteristics that are difficult to assess
visually. Computational analysis of routine CT imaging can
reliably predict POPF before surgery in patients undergoing
pancreatic head resection[17-19]. However, of the published mod-
els, only one has been externally validated[18]. All approaches
published to date rely on manual annotation by radiologists,
which limits the potential for clinical translation. In addition,
few published works combine different data types: Despite BMI
and sex being known risk factors for POPF[13], most computa-
tional approaches for preoperative POPF risk prediction exclu-
sively consider preoperative imaging and do not incorporate
other abundant clinical routine data.
To overcome these limitations, we propose AutoFRS,

a radiomics-based multimodal model predicting POPF from
preoperative routine data (Fig. 1). Our approach requires no
manual segmentation and has been validated on an external
patient dataset, showcasing its generalizability. An end-to-end
data processing pipeline qualifies our approach for prospective
clinical evaluation.

Materials and methods

Patient cohort

This study investigates a retrospective patient cohort treated at
the University Hospital Carl Gustav Carus Dresden between
2011 and 2019 (Dresden cohort) and the prospective patient
cohort of the NURIMAS trial[20] at the University Hospital

Heidelberg between 2014 and 2015 (Heidelberg cohort). All
patients had a clinical indication for pancreatic head resection
and all patients underwent open surgery. The inclusion criteria
were (i) history of pancreatic head resection for a malignant
tumor or cystic neoplasia, (ii) availability of a preoperative con-
trast-enhanced venous-phase CT, and (iii) documentation of
basic patient characteristics and POPF-related outcomes. The
main exclusion criteria were calcifying chronic or acute pancrea-
titis, peripancreatic fluid collections, pancreatic pseudocysts, or
a stent in the common bile duct. We provide an extended
description of the selection criteria in Supplementary Material
S1 (available at: http://links.lww.com/JS9/E69). Patient charac-
teristics are summarized in Table 1.
Frequency and severity of POPF were assessed for at least

30 days after the pancreatic head resection or until dis-
charge from the hospital, whichever occurred last.
Following ISGPS standards[21], the POPF endpoint included
Grade B POPF (defined as a clinically evident fistula with
mild restriction of patient condition, typically managed
using antibiotic medication, transfusion, parenteral nutri-
tion, prolonged drain maintenance, or additional interven-
tional drain placement) and Grade C POPF (a severe
complication typically necessitating intensive care or an
operative intervention). All included patients were treated
based on institutional standard procedures. In Dresden, the
POPF risk was assessed intraoperatively using the FRS[22].
In patients with an FRS of 3 or above, two drains were
routinely inserted at the biliodigestive anastomosis and the
pancreatic duct anastomosis. Somatostatin analogs were not
routinely administered. In patients with an abdominal
drain, drain amylase was assessed on postoperative days
(POD) 1 and 3. In Heidelberg, drains were routinely
inserted. Drain amylase was assessed on POD 1 and 3,
and drains were removed on POD 3 when possible[20].
Somatostatin analogs were not routinely administered.
Age, BMI, sex, smoking history, and preoperative diabetes

status were recorded for each patient. Patients were categorized
as smokers (active tobacco use at the time of surgery or smoking
cessation within six weeks before surgery) or non-smokers
(smoking cessation over six weeks before surgery or never smo-
kers), as described previously[23]. Six weeks was selected to
separate smokers from non-smokers on the basis of studies

HIGHLIGHTS

● AutoFRS is the first segmentation-free, externally vali-
dated computational model that predicts the risk of post-
operative pancreatic fistula (POPF) in patients undergoing
pancreatic head resection based on routinely available
preoperative imaging and clinical data.

● Model risk stratification performance based on preopera-
tive data is on par with the updated alternative fistula risk
score (ua-FRS), the clinical gold standard for intraopera-
tive complication risk stratification.

● The web-based AutoFRS tool facilitates POPF risk strati-
fication from patient data within seconds without any
manual annotation and could improve preoperative
patient information for shared decision-making.
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suggesting improved postoperative outcomes with smoking ces-
sation at least 6 weeks prior to elective surgical procedures[24,25].
Preoperative diabetes mellitus was defined according to

American Diabetes Association criteria for the diagnosis of
diabetes[26], categorizing patients with a documented

diagnosis of diabetes mellitus (type 1 or type 2) before
surgery, either based on fasting plasma glucose ≥126 mg/
dL (7.0 mmol/L), HbA1c ≥6.5%, or 2 h plasma glucose
≥200 mg/dl (11.1 mmol/l) during an oral glucose tolerance
test, as diabetic.

Figure 1. Annotation-free preoperative prediction of POPF in patients undergoing pancreatic head resection. (a) Prediction models were implemented on data
from a total of 169 patients with pancreatic cancer or cystic neoplasia undergoing pancreatic head resection at two German centers. (b) Radiomic features were
extracted from preoperative CT imaging after automated segmentation of the pancreas. Selected radiomic features were combined with clinical data points into
a preoperative risk prediction model. (c) Following training on retrospective data from Dresden, model performance was evaluated in an independent
prospectively collected patient cohort from Heidelberg. (d) User interface of the AutoFRS Calculator prototype displaying the results of automated POPF risk
prediction for future integration into clinical workflows. Abbreviations: area under the receiver operating characteristic curve (AUC). Figure created with
BioRender.com.
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Extraction of radiomic features from CT scans without
manual annotation

After patient selection, the Dresden and Heidelberg cohorts com-
prised 108 and 61 patients, respectively. The characteristics of the
corresponding CT scans are provided in Supplementary Material
S2 (available at: http://links.lww.com/JS9/E69). To obtain annota-
tions of the entire pancreas from CT scans, we used a pre-trained
publicly available segmentation model, Totalsegmentator
v.1.5.6[27], for all the patients (Supplementary Material S3, avail-
able at: http://links.lww.com/JS9/E69). Totalsegmentator segmen-
tations of the pancreas were qualitatively and quantitatively
compared with manual segmentations of the pancreas, which had
been annotated by a radiologist with five years of experience in
abdominal CT imaging and independently reviewed by a second
radiologist with 20 years of experience in pancreatic imaging, as
described previously[19].We used theDICE score and Surface DICE
score (https://github.com/google-deepmind/surface-distance) with
a tolerance of 3mm as the performancemetrics for the quantitative
evaluation. Subsequently, CT scans and pancreatic segmentations
(Totalsegmentator) were fed to the MIRP framework (v2.0.0,
https://github.com/oncoray/mirp)[28,29] for the extraction of radio-
mic features. A total of n = 654 features were extracted. These
included morphological (n = 25), intensity-based (n = 57), and
texture features (n = 136) extracted from both base image and
response maps of spatial filters (wavelet coiflet-1 and Laplacian of
Gaussian). Detailed configurations for feature extraction are pro-
vided in Supplementary Material S4 (available at: http://links.lww.
com/JS9/E69)[30,31].

Development of AutoFRS

The AutoFRS was developed on the Dresden cohort in
a two-step process: First, two separate preliminary models

were developed based on radiomic and clinical features,
respectively. The most relevant features from both the
radiomic and the clinical preliminary models were subse-
quently combined into the multimodal AutoFRS using sim-
ple logistic regression (Fig. 1).
The preliminary radiomic model was developed using the

FAMILIAR framework (version 0.0.0.54)[32] as described
previously[19,33]. Pre-processing steps included z-score stan-
dardization with Yeo-Johnson transformation, hierarchical
agglomerative clustering, and feature selection. More details
about feature clustering are provided in Supplementary
Material S5 (available at: http://links.lww.com/JS9/E69).
We used a 10-fold cross-validation scheme repeated three
times to develop preliminary risk models. Feature selection
and hyperparameter optimization were performed on 10×
bootstrapped samples from training folds. To assess perfor-
mance variability across different methods, we compared
three machine learning algorithms, (i) logistic regression,
logistic regression with (ii) lasso penalty, and (iii) elastic-
net penalty, and four feature selection methods, (i) mutual
information maximization (MIM), (ii) minimum redun-
dancy maximum relevance (MRMR), and logistic regression
models with (iii) lasso penalty and (iv) elastic-net penalty.
The clinical variables used to develop the preliminary

clinical risk model were age, BMI, sex, smoking history,
and preoperative diabetes status. The selection of a subset
of the input features enhances the performance of tradi-
tional machine learning methods when the number of
input features is greater than the number of samples in the
training set. As this is the case with our study, we selected
a subset of the most predictive radiomic features (radiomic
signature) for training the machine learning models.
Supplementary Material S6 (available at: http://links.lww.
com/JS9/E69) provides details about the development of
the radiomic signature. The clinical signature was developed
in the same manner. Area under the receiver operating
characteristic curve (AUC) and balanced accuracy were
used to evaluate model performance. Additionally, we con-
ducted a univariate analysis with Benjamini-Hochberg cor-
rection to establish the relationship of individual features
with the outcome. Kendall’s tau was used to compare rele-
vant radiomic features with intraoperative texture.

External validation of AutoFRS

Data from the Heidelberg cohort was pre-processed using the
same transformation steps applied to the Dresden cohort.
Specifically, features were processed using the parameters
obtained in the development cohort (shift and scale parameters
for normalization and λ for Yeo-Johnson power transformation)
and grouped into the same clusters used in the development
cohort. Subsequently, the AutoFRS model was validated using
the Heidelberg cohort. We report model performance using
AUC and balanced accuracy.

Data availability

Due to the participating centers’ data privacy regulations, the
datasets generated and analyzed in this study cannot be made
available. Extracted features are available at https://gitlab.com/
nct_tso_public/autofrs.git. Data requestors must sign a data use
agreement to gain access.

Table 1
Patient characteristics

Statistic

Dresden
(development

cohort)

Heidelberg
(external test

cohort) p-value

Patients n 108 61
Sex: n (%) 1.00
Female 48 (44.4) 27 (44.3)
Male 60 (55.6) 34 (55.7)
Age (years) Mean ± standard

deviation
68.5 ± 9.4 62.4 ± 12.8 0.002

BMI (kg/m2) Mean ± standard
deviation

25.2 ± 4.3 24.8 ± 4.4 0.60

Time between CT
and surgery
(days)

Mean ± standard
deviation

62.6 ± 90.4 43.8 ± 100.8 0.002

Tumor
classification:

n (%) <0.001

Benign 3 (2.8) 21 (34.4)
Malignant 105 (97.2) 40 (65.6)
POPF: n (%) 0.002
No 75 (69.4) 55 (90.2)
Yes 33 (30.6) 6 (9.8)

Abbreviations: body mass index (BMI), postoperative pancreatic fistula (POPF), computed tomogra-
phy (CT), pylorus-preserving pancreaticoduodenectomy (PPPD), pancreatic ductal adenocarcinoma
(PDAC). The p-values were calculated using Fisher’s exact test for categorical variables and Mann–
Whitney U-test for continuous variables.
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Code availability

Totalsegmentator is publicly available at https://github.com/was
serth/TotalSegmentator. The code and the processed features for
the AutoFRS model are available at https://gitlab.com/nct_tso_
public/autofrs.git.

Results

Quantitative and qualitative evaluation of automatic
segmentations of the pancreas

As the first image processing step, we used Totalsegmentator, an
organ segmentation model for CT imaging, to create segmenta-
tions of the pancreas. To evaluate the accuracy of automatic
pancreas segmentation, we quantitatively and qualitatively com-
pared automatic segmentations with annotations encompassing
the healthy pancreas, the pancreatic duct, and the pancreatic
pathology curated by radiologists[19]. There was substantial
overlap between manual and automatic segmentations, with an
average DICE score of 0.77 ± 0.09 and an average surface DICE
score of 0.90 ± 0.07 over the Dresden cohort (Supplementary
Material S7, available at: http://links.lww.com/JS9/E69).
Figure 2 illustrates the qualitative evaluation of automatic
segmentations.

Development and validation of AutoFRS for POPF risk
prediction

The results of all the risk models developed on the Dresden
cohort are provided in Supplementary Material S8 (available
at: http://links.lww.com/JS9/E69). Based on the results of
the preliminary radiomic and clinical risk models, two radiomic
features and BMI had the highest predictive value for the POPF
outcome. Among the two radiomic features, one belonged to the
texture feature family (F1T) and the other to the morphological
feature family (F2M). Individual regressors built using F1T, F2M,
and BMI had a significant (p < 0.05) impact on the POPF out-
come upon univariate analysis (Table 2). These features were
further used to train the AutoFRS model on the Dresden cohort.
The formula for the AutoFRS model is given below, with F1T,
F2M, and BMI indicating values after feature pre-processing.
Pre-processing parameters are provided in Supplementary
Material S9 (available at: http://links.lww.com/JS9/E69).

Risk of CR � POPF ð%Þ

¼ 100�
1

1þ exp ð1:1087 � 0:7916 F1T þ 0:5847 F2M � 0:8027BMIÞ

AutoFRS achieved an AUC of 0.81 and a balanced accuracy of
0.72 on the Dresden cohort. Figure 3a shows the expression of
AutoFRS features with respect to the actual outcome for the
Dresden cohort. We externally validated AutoFRS on unseen data
from a different medical center (Heidelberg cohort). On external
validation, AutoFRS achieved an AUC of 0.79 and a balanced
accuracy of 0.70. Given the extracted features, the runtime of
AutoFRS in inference mode was 2.80 ± 0.07 seconds for the
Heidelberg cohort on a computer equipped with Intel i7-7700 K
processor with 32GB RAM. For a use case where a CT scan was
provided as input along with the clinical data, the AutoFRS model
took 6.73 ± 0.05 minutes per patient in inference mode.
We observed significant associations between the intra-

operative texture of the pancreatic remnant, a known POPF
risk factor, with both the radiomic F1T feature (p = 0.017;
Fig. 3b) and the radiomic F2M feature (p < 0.001; Fig. 3c).

Comparison with existing risk prediction models

We compared AutoFRS with the recently published RAD-
FRS model for preoperative POPF prediction, which, in
contrast to AutoFRS, requires manual annotations of the
pancreas[18]. RAD-FRS outlines two morphological and
one texture features as important for the prediction of
POPF. We used the MIRP version of these features,
z-score standardized and extracted from Totalsegmentator
pancreatic segmentations, as input to the model. AutoFRS
(AUC: 0.81 ± 0.05 [0.74, 0.88], balanced accuracy:
0.72 ± 0.05 [0.65, 0.80]) performed similar to the RAD-
FRS (AUC: 0.71 ± 0.05 [0.62, 0.80], balanced accuracy:
0.71 ± 0.05 [0.63, 0.78]) on the Dresden cohort (Fig. 4a).
Similarly, in the Heidelberg cohort, AutoFRS and RAD-FRS
performed on par (AutoFRS: AUC: 0.79 ± 0.08 [0.65, 0.92],
balanced accuracy: 0.70 ± 0.10 [0.52, 0.87], RAD-FRS:
AUC: 0.71 ± 0.10 [0.54, 0.86], balanced accuracy:
0.62 ± 0.10 [0.46, 0.79]; Fig. 4b). When compared using
the DeLong test[34], AutoFRS and RAD-FRS yielded AUCs
with no significant differences for both the Dresden
(p = 0.10) and Heidelberg cohorts (p = 0.58).

Figure 2. Qualitative evaluation of pancreatic segmentations. The figure visualizes an example from the Dresden cohort, comparing the expert radiologist
segmentation, encompassing the healthy pancreas, the pancreatic duct, and the pancreatic pathology, with the pancreatic segmentation by Totalsegmentator
(DICE score: 0.87).
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Last, we compared AutoFRS and the RAD-FRS to the ua-
FRS[13], the clinical gold standard for intraoperative POPF
risk stratification, on a subset of the Dresden cohort with
available intraoperative parameters. These intraoperative
parameters were not recorded for the Heidelberg cohort
and, therefore, were not included in the comparison. The
annotation-free, preoperative AutoFRS (AUC: 0.84 ± 0.05,

[0.75, 0.92], balanced accuracy: 0.73 ± 0.05, [0.64, 0.82])
performed on par with the preoperative RAD-FRS (AUC:
0.73 ± 0.07, [0.61, 0.83], balanced accuracy: 0.71 ± 0.06,
[0.61, 0.80]) and the intraoperative ua-FRS (AUC:
0.85 ± 0.06, [0.75, 0.94], balanced accuracy: 0.79 ± 0.05,
[0.71, 0.87]; Fig. 5). Predicted labels were calculated at
a 20% threshold for balanced accuracy score calculation
for ua-FRS[13]. When compared using the DeLong test[34],
ua-FRS yielded AUC with no significant differences
to AUCs of both AutoFRS (p = 0.82) and RAD-FRS
(p = 0.18).
Similarly, the AutoFRS risk predictions aligned well with

the risk predictions based on the original FRS, the first
published intraoperative POPF risk score based on pancreatic
texture, pancreatic duct width, blood loss, and tumor classi-
fication (malignant vs. benign)[22], which is still commonly
used for POPF risk stratification at surgical centers world-
wide (Supplementary Material S10, available at: http://links.
lww.com/JS9/E69).

Figure 3. AutoFRS model development and prediction performance. (a) Expression of relevant radiomic and clinical features in relation to AutoFRS model
predictions and true outcomes in the development cohort. (b) Correlation between radiomics texture feature (F1T) and intraoperative pancreatic texture in relation
to the POPF outcome. (c) Correlation between radiomics morphology feature (F2M) and intraoperative pancreatic texture in relation to the POPF outcome. The
relations between intraoperative and image-based radiomics features (b, c) are displayed for a subset of the Dresden cohort (n = 70) with available intraoperative
features. Abbreviations: body mass index (BMI), postoperative pancreatic fistula (POPF).

Table 2
Radiomic and clinical signature

Feature Corrected P value AUC

BMI 0.00039 0.76
F1T 0.0085 0.68
F2M 0.00039 0.74

Results from univariate logistic regression of the radiomic and clinical features. The P value was
corrected using the Benjamini-Hochberg method. The AUC indicates the performance of individual
features for predicting POPF outcome. Abbreviations: area under the receiver operating character-
istic curve (AUC), body mass index (BMI), postoperative pancreatic fistula (POPF).
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Web application for POPF prediction

We implemented the AutoFRS Calculator, a prototype web appli-
cation for predicting POPF based on the AutoFRS model for
future prospective evaluation (Fig. 6). After providing
a contrast-enhanced CT image and the required clinical informa-
tion, AutoFRS starts the evaluation pipeline, including segmenta-
tion of the CT image, feature extraction and preprocessing, and
risk prediction. The users can also compare a given patient to

another from a local database and leave comments. Further
details regarding the application are provided in Supplementary
Material S11 (available at: http://links.lww.com/JS9/E69).

Discussion

Postoperative deaths represent the third largest contributor to
mortality worldwide and pose a considerable financial burden to

Figure 4. Comparison of the AutoFRS and the RAD-FRS. The figure displays receiver operating characteristic (ROC) curves and AUCs for AutoFRS and RAD-
FRS models for the Dresden cohort (a) and Heidelberg cohort (b). The positive label is the occurrence of POPF. The shaded area represents ± one standard
deviation. Abbreviations: area under the receiver operating characteristic curve (AUC), postoperative pancreatic fistula (POPF).

Figure 5. Performance comparison with the clinical gold standard for intraoperative POPF risk stratification. The figure displays receiver operating
characteristic (ROC) curves for AutoFRS, RAD-FRS, and ua-FRS on a subset of the Dresden cohort (n = 70) with documented intraoperative risk factors.
The shaded area represents ± one standard deviation. Abbreviations: area under the receiver operating characteristic curve (AUC), postoperative pancreatic
fistula (POPF).
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healthcare systems[35]. The incidence and severity of postopera-
tive complications vary depending on the type of surgery[5,36,37].
While the relationship between preoperative variables, some of
which can be derived from imaging, is well-established in pan-
creatic surgery[5,13], clinically available risk stratification sys-
tems do not utilize the breadth of available preoperative data
to estimate complication risks preoperatively but rather build on
intraoperative parameters that are, in part, subject to inter-
observer variation. The objective of this work is to establish
and validate a clinically applicable tool for computational pre-
operative risk stratification of POPF.
In summary, AutoFRS addresses three current limitations in

POPF risk stratification: First, it builds on preoperative informa-
tion, facilitating consideration of POPF risk when planning
a pancreatic head resection. Second, it includes not only clinical
data but also an automated computational and, thus, objective
evaluation of standard CT imaging in POPF risk predictions.
Third, unlike all existing approaches for image-based POPF risk
estimation, it requires nomanual measurements or segmentations,
facilitating implementation in the clinical routine. Furthermore,
AutoFRS is validated on an independent external cohort, and our
findings from internal validation suggest that stratification perfor-
mance is on par with the intraoperative ua-FRS.
Across surgical fields, general[38,39] or procedure-specific[40,41]

complication risk stratification models have been developed to
facilitate preoperative patient and caregiver information in clin-
ical routine and adapt intra- and postoperative treatment to
account for the likelihood of postoperative sequelae[42]. Most
published risk stratification tools for POPF after pancreatic head
resection rely on preoperatively available clinical parameters
such as age or sex as well as intraoperatively determined factors
like pancreatic duct diameter or pancreatic texture[13,22,43,44].
While some risk stratification tools include parameters derived
from imaging (i.e., pancreatic duct or pancreatic neck
diameter)[15,16], these measurements, like intraoperatively deter-
mined texture or pancreatic duct diameter, are subject to mea-
surement errors and interrater variation. Additionally, in

minimally invasive pancreatic surgery, intraoperative evaluation
of pancreatic duct width and remnant texture, which are key
components of traditional POPF risk stratification models[13,22],
may not be feasible due to the surgical setup[45,46].
Existing studies for radiomics-based prediction of POPF

typically use expert annotations to delineate pancreatic
structures[18,19,47]. Creating these annotations is time-consuming,
limiting their clinical applicability. In contrast, our results indicate
that pre-trained segmentation models can automatically obtain
annotations of the pancreas from CT scans. This approach con-
siderably reduces the time and expertise required for risk assess-
ment, making it more feasible for clinical implementation.
Moreover, our model’s runtime on affordable hardware is clini-
cally feasible, enhancing its potential for integration into routine
clinical workflows.
Many studies have shown the benefit of combining radiomic

features with clinical variables derived from electronic health
records in various clinical contexts[19,48,49]. The AutoFRS com-
bines radiomic and clinical signatures. We found the two most
relevant radiomic features, the F1T feature and the F2M feature,
to modestly relate with the intraoperative texture of the remnant
pancreas, which is a known indicator of POPF risk. This poten-
tially provides a link between preoperative imaging and estab-
lished clinical knowledge. In addition, the F1T feature, which
belongs to the texture feature family, may be similar to the zone
size variance feature that was found to be relevant in the RAD-
FRS model by Ingwersen et al.[18]. Both features are related to
gray-level size zone matrix calculations, suggesting a consistent
pattern of texture heterogeneity that correlates with POPF risk.
While deep learning approaches have shown promise in med-

ical image analysis[50,51], they typically require large datasets for
training. In the context of POPF prediction, no public datasets
are currently available. In this setting, feature-based approaches
can effectively capture relevant image characteristics even with
smaller datasets, facilitating computational complication predic-
tion within the constraints of limited data availability. By mak-
ing both our code and extracted features publicly available, we

Figure 6. Prototype of the web application for POPF prediction. The figure illustrates the patient comparison feature of the application. The risk for POPF
(including confidence intervals), delineated CT scans, and selected patient information are visualized to facilitate the comparison.
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facilitate reproducibility and encourage other researchers to
build upon our work. This transparency also allows for model
refinement and future integration of deep learning techniques as
more data from different centers may become available in the
future.
Our results suggest that AutoFRS can help identify patients at

high risk for POPF. Compared to existing methods, which allow
for estimation of the POPF risk at the end of the surgical proce-
dure, the preoperative availability of a patient’s individual esti-
mated POPF risk as well as a measure of the reliability of this risk
prediction (i.e., a confidence interval) could add a new dimension
to shared preoperative decision-making. Specifically, AutoFRS
could enable more comprehensive patient counseling and provide
an avenue toward risk-adapted surgical approaches. Practically,
such risk-adapted management options for patients with a known
high risk of POPF could include alternative anastomotic
techniques[52,53], prophylactic application of somatostatin
analogs[54,55], individualized drain management[56,57], intensified
postoperative care[58], or even consideration of total pancreatect-
omy with islet cell autotransplantation as an option[10,59,60], par-
ticularly in patients with preoperatively impaired glucose
tolerance[61-63].
Future work could benefit from advancements in pancreatic

imaging analysis, such as the PANORAMA study, which aims to
improve pancreatic cancer detection and segmentation[64].
Integration of lesion-specific features into complication prediction
approaches could further refine and enhance the predictive power
of models like AutoFRS. Similarly, future refinements of auto-
matic pancreas segmentation models like Totalsegmentator[27], for
example, for segmentation of sub-structures like the pancreatic
duct or adjacent blood vessels, could offer model improvements
over current segmentation models that generate one segment for
the entire pancreas.
The limitations of our work are mainly related to its retro-

spective nature, the small number of two centers as data sources
for the development (one center) and validation (independent
cohort from a second center) of the AutoFRS, and the use of
automated segmentation models as part of the pipeline. First, as
intraoperative data was only available for the Dresden cohort,
we could only use these patients to compare the preoperative
AutoFRS and the intraoperative gold standard for POPF risk
stratification. Second, some clinical parameters differed signifi-
cantly between the Dresden and the Heidelberg cohorts: POPF
rates in the Dresden cohort and the Heidelberg cohort were
significantly different at 30.6% (33 out of 108 patients) and
9.8% (6 out of 61 patients), respectively. These figures represent
the upper and lower boundaries of POPF rates described in the
literature[21,65,66]. The high POPF rate in the Dresden cohort may
relate to the relatively early interventional treatment of patients
with clinical symptoms based on institutional standards, which
may inflate the number of patients with POPF. In addition, the
two cohorts were significantly different in composition of malig-
nant and benign tumors, with 97.2% of the Dresden cohort and
65.6% of the Heidelberg cohort presenting with malignant dis-
ease, respectively. While malignant and benign lesions may
influence postoperative outcomes, recent studies suggest that
the primary determinants of POPF risk are pancreatic duct size
and the texture of the remnant pancreas rather than tumor
characteristics themselves[13,44]. Both the Dresden and the
Heidelberg cohorts had substantial variation in the time interval
between preoperative CT imaging and pancreatic head

resection, including nine patients with imaging obtained over
180 days before surgery. We observed negligible influence
(Kendall’s tau correlation measure, τ = −0.03 for the Dresden
cohort and τ = 0.13 for the Heidelberg cohort) of this delay on
the POPF risk predicted by the proposed preoperative signature.
This implies that inherent parameters of the healthy pancreas
that may be present before disease onset likely have a substantial
impact on POPF risk. Third, some imaging metadata including
contrast agent characteristics and dosage, were not available for
the external validation cohort. This was due to protocol differ-
ences between the centers, which is a likely scenario in multi-
center studies. The consequences of possible variations in
contrast agent types are likely not decisive, as AutoFRS was
trained and validated on contrast-enhanced venous-phase CT
scans, ensuring consistency in image acquisition protocols. In
addition, robust radiomic models can generalize across such
variations in contrast agent protocols[67,68]. Fourth, we observed
varying performance of the automated pancreas segmentation
model when comparing automated organ segmentations to
expert annotations. Poor segmentation performance of pancrea-
tic parenchyma was often associated with variability in includ-
ing or excluding the tumor in the generated pancreatic segment.
Nevertheless, the automation of the prediction process offers
immense improvements in clinical applicability. Our findings
of comparable POPF prediction performance of the AutoFRS
to the intraoperative ua-FRS indicate the high clinical potential
of our proposed preoperative prediction model. An inherent
limitation of retrospective artificial intelligence-based studies is
that technical performance metrics, such as AUC and accuracy,
do not necessarily correlate with clinical utility. This is particu-
larly relevant when predictive models influence treatment deci-
sions, as their impact on patient outcomes cannot be fully
assessed using retrospective data alone. While our study demon-
strates the feasibility of preoperative POPF risk stratification, its
results should be considered preliminary due to the retrospective
design and the limited sample size. Prospective interventional
trials will be necessary to evaluate the effect of AutoFRS on
surgical decision-making, perioperative management, and
patient outcomes in real-world clinical practice.
Two aspects specifically qualify AutoFRS for clinical evalua-

tion: First, no manual annotation of preoperative imaging is
needed during data input. This reduces the expert effort needed
to infer POPF risk predictions from routine data to a tolerable
level in clinical routine. Second, the presented AutoFRS applica-
tion couples model functionalities with a graphical user inter-
face. Building on our results, we intend to prospectively validate
AutoFRS in a multicenter clinical trial, analyzing both technical
feasibility and the potential impact of preoperative POPF risk
prediction on patient care.

Conclusion

AutoFRS is an externally validated, manual annotation-free
approach to preoperative computational estimation of POPF
risk in patients undergoing pancreatic head resection that inte-
grates clinical parameters and imaging-derived features. Our
findings suggest stratification performance on par with the ua-
FRS, the clinical gold standard for intraoperative estimation of
POPF risk. A clinically applicable software pipeline facilitates
future prospective evaluation of AutoFRS.
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