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Abstract

Pancreatic ductal adenocarcinoma (PDAC) is a highly lethal
cancer, and accurate assessment of tumor resectability is cru-
cial for determining appropriate treatment. AI-based models
have shown promise in classifying tumor resectability, but re-
liability concerns have impeded clinical implementation. We
propose extending the AI-based VasQNet model for classi-
fying tumor resectability on AI-generated segmentations of
computed tomography scans (CTs) to improve the models’
reliability. This extension allows VasQNet to defer decisions
when the AI-generated segmentations violate pre-established
rules on vascular anatomy, tumor location, and tumor size.
We conducted experiments using CTs of (borderline) re-
sectable and non-resectable PDAC patients. We evaluated
the performance of the baseline VasQNet and the extended
VasQNet with rule-based decision deferral (RBDD) by com-
paring their classifications to a ground-truth provided by a
radiologist, employing agreement as a metric.
Our results demonstrate that the extended VasQNet achieved
a significantly higher agreement (90%) with the radiolo-
gist’s classification than the baseline VasQNet (67%). No-
tably, 17/31 (54%) deferred decisions would have been incor-
rect had they not been deferred. Our study demonstrates the
effectiveness of RBDD in improving the reliability of clinical
diagnostic models through the exemplification of VasQNet.
In conclusion, RBDD can enhance the reliability of clinical
diagnostics models, facilitating integration into clinical prac-
tice.
The documented code is available on GitHub
(https://github.com/PHAIR-Consortium/Vessel-
Involvement-Quantifier).

Introduction
Pancreatic ductal adenocarcinoma (PDAC) is a highly lethal
cancer with a low five-year survival rate (Chhoda et al.
2019). Surgical tumor resection combined with systemic
therapy is currently the only curative treatment option.
PDAC resectability, which heavily depends on the degree of
vascular involvement, can be challenging to assess. Radiolo-
gists typically use contrast-enhanced computed tomography
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scans (CTs) to assess the degree of vascular involvement,
but the high degree of interobserver variability can lead to
suboptimal patient selection for surgery and clinical studies
(Giannone et al. 2021). Recent efforts to address this issue
have focused on AI-based models to assess vascular involve-
ment and tumor resectability (Rigiroli et al. 2021; Bian et al.
2020; Lao et al. 2020; Chen et al. 2020). These models hold
promise in providing more accurate and standardized assess-
ments. However, their clinical implementation is hindered
by the lack of reliability and interpretability of their assess-
ments (Lee et al. 2020; Aristidou, Jena, and Topol 2022).

Most AI-based models for assessing vascular involvement
and tumor resectability use radiomic features, which are
not readily interpretable to clinicians, to make assessments
(Rigiroli et al. 2021; Bian et al. 2020; Lao et al. 2020; Chen
et al. 2020). To address this limitation, VasQNet, a model
that combines established clinical guidelines and AI-based
segmented anatomical structures, was proposed (Bereska
et al. 2023). By mirroring the current radiological work-
flow, VasQNet provides easier interpretable assessments to
clinicians than earlier radiomics-based models. However, in-
discriminate classification approaches generating classifica-
tions for every case, regardless of their certainty, still prevail
in most AI-based models, including VasQNet. This indis-
criminate classification approach forces clinicians to double-
check every classification thoroughly, reducing the model’s
utility. This is especially crucial when the model’s decision
is critical, including determining a patient’s eligibility for
surgery. Erroneous classifications in such cases could result
in devastating consequences, such as excluding eligible pa-
tients from surgery or performing surgery on patients with
advanced PDAC, adversely impacting treatment outcomes
and quality of life. Therefore, a reliable model that gener-
ates classifications only when reasonably certain and defers
classifications otherwise is urgently needed.

Several techniques, such as uncertainty quantification,
have been proposed to enable decision deferral (Joshi, Parb-
hoo, and Doshi-Velez 2021; Liu, Gallego, and Barbieri
2022). However, these techniques rely on a probabilistic
model framework, which does not apply to deterministic
models such as VasQNet, as they yield non-probabilistic
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classifications. To overcome this limitation, we propose an
extension to VasQNet that defers decisions when the under-
lying AI-generated segmentations of anatomical structures
violate a set of pre-established rules that are either known
or likely to be true. This approach aims to mitigate erro-
neous classifications, enhance the model’s reliability, and ul-
timately facilitate clinical translation.

Methods
Datasets
We included two datasets, A and B, comprising 60 late ar-
terial phase CTs obtained from 60 patients diagnosed with
resectable, borderline resectable, and non-resectable PDAC.
Dataset A represents the subset of the PREOPANC trials
conducted by the Dutch Pancreatic Cancer Group (DPCG)
at the Amsterdam UMC between 2013 and 2020. Dataset B
consists of patients from the DPCG non-resectable PDAC
registration at the Amsterdam UMC between 2019 and
2021. At the time of the CT scan, a specialized abdominal
radiologist assessed the vascular involvement and tumor re-
sectability for each patient. These assessments were subse-
quently discussed at the multidisciplinary oncology meeting
and stored in the Picture Archiving and Communication Sys-
tem (PACS) of the hospital. General informed consent was
obtained from all patients.

Baseline VasQNet Model
The workflow of the baseline VasQNet model comprises
three steps: 1) automatic segmentation of PDAC and neigh-
boring vessels, 2) quantification of vascular involvement,
and 3) classification of tumor resectability.

VasQNet was trained to segment the PDAC and surround-
ing vasculature, specifically the aorta, celiac trunk (CeTr),
hepatic artery (HA), superior mesenteric artery (SMA), su-
perior mesenteric vein (SMV), and portal vein (PV), using
a self-learning approach. The self-learning approach con-
sists of training a teacher segmentation model on a small
amount of manually annotated data and subsequently using
the resulting teacher model to provide annotations for a large
dataset which is then used to train a student segmentation
model.

To quantify the degree of vascular involvement of the
CeTr, HA, SMA, SMV, and PV by the PDAC tumor,
VasQNet evaluates all x, y, and z dimensions containing both
the vessel and the tumor. For each vessel, VasQNet calcu-
lates the circumference of the vessel segment (V) and the
length of its connection with the tumor segment (TV) in
each x,y, and z plane. The degree of involvement for each
dimension is then determined using the formula TV

V · 360.
The maximum degree of involvement across all dimensions
is selected for each vessel, resulting in a continuous variable
ranging from 0 to 360 degrees.

VasQNet determines tumor resectability by considering
the degrees of vascular involvement for each vessel and re-
ferring to the DPCG resectability guidelines, which clas-
sify tumors as resectable, borderline resectable, or non-
resectable based on the criteria outlined in Table 1.

Decision Deferral Model
To enhance the reliability of the baseline VasQNet model,
we integrated three rules rooted in established clinical ex-
pertise pertaining to vascular anatomy, tumor location, and
tumor size into the classification process.

Vascular Anatomy Given the variability in contrast ad-
ministration and the utilization of arterial phase scans over
venous phase scans, accurate segmentation of vessels, par-
ticularly veins, is occasionally compromised by VasQNet.
To ensure that predictions are not generated based on CTs
with substantial segmentation errors, we introduce anatomy-
based rules that align with established anatomical verities.
Specifically, VasQNet will defer the classification if the AI-
generated segmentations violate the following anatomical
rules: 1) the TC does not originate from the aorta, 2) the
HA does not originate from the TC, 3) the SMA does not
originate from the aorta, and 4) the SMV and the PV are not
connected.

Tumor Location Extrapancreatic tumor growth leads to
closer proximity and direct contact with blood vessels in the
surrounding anatomical region. This close association facil-
itates the tumor’s interaction with the vasculature, result-
ing in a higher probability of (extensive) vascular involve-
ment with adjacent vessels. Besides increasing the likeli-
hood of vascular involvement, extrapancreatic tumor growth
also can also result in vascular infiltration or compression,
causing occlusion, narrowing, or compromised blood flow,
further necessitating diligent scrutiny of these scans by ra-
diologists (Toshima et al. 2022). Hence, in resectable cases
where less than 25% of the periphery of the tumor segment
calculated on all x dimensions is in contact with the pan-
creas, the model will defer the classification.

Tumor Size Increased tumor size is associated with a
higher likelihood of vascular involvement due to the tu-
mor’s greater physical mass and potential for local infil-
tration. As the tumor grows, it can exert mechanical pres-
sure on the surrounding blood vessels, leading to vessel
infiltration, compression, and increased chances of vascu-
lar involvement, emphasizing the significance of consider-
ing tumor size in assessing vascular involvement (Li et al.
2018). Past research has demonstrated an association be-
tween PDAC tumor diameters exceeding 20 mm and poor
prognosis (Marchegiani et al. 2017). To account for these
factors, the model will defer classification for resectable tu-
mors with a diameter exceeding 20 mm on the AI-generated
segmentations.

Performance Assessment
To evaluate the performance of both the baseline VasQNet
and the extended model in terms of tumor resectability, we
compared their classifications with the ground-truth classifi-
cation obtained from the single radiologist assessment stored
in the PACS system, using agreement as the metric. Agree-
ment measures the number of cases in which the model and
the single radiologist yielded the same tumor resectability
classification. A chi-squared test was conducted on the con-
tingency table of the two models’ agreement to assess the
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Category Celiac trunk Hepatic artery Superior mesenteric artery Superior mesenteric vein Portal vein
Resectable 0° 0° 0° 0 – 90° 0 – 90°
Borderline Resectable 0 – 90° 0 – 90° 0 – 90° 0 – 270° 0 – 270°
Non-resectable 90 – 360° 90 – 360° 90 – 360° 270 – 360° 270 – 360°

Table 1: Guidelines of the Dutch Pancreatic Cancer Group for classifying PDAC resectability based on the involvement with
five vessels (Dutch Pancreatic Cancer Group (DPCG) 2023).

Figure 1: Agreement of baseline VasQNet with radiologist’s
assessment for classifying tumor resectability for resectable
(RE), borderline resectable (BR), and non-resectable (NR)
PDAC.

statistical significance of the observed difference in agree-
ment. A p-value less than 0.05 was deemed statistically sig-
nificant.

Results
Patient Characteristics
The test set comprised 60 late arterial phase CT scans ob-
tained from 60 patients, including 20 patients with resectable
PDAC, 20 patients with borderline resectable PDAC, and 20
patients with non-resectable PDAC. Among the patients in
the test set, 32 (53%) were females, and the median tumor
diameter was 3.4 cm with a standard deviation of 1.7 cm.

Classifying Resectability with the Baseline
VasQNet Model
The baseline VasQNet model classified tumor resectability
with an agreement of 40/60 (67%). The agreement between
the radiologist and VasQNet for classifying tumor resectabil-
ity is illustrated in the agreement matrix shown in Figure 1.

Classifying Resectability with Rule-Based Decision
Deferral
By deferring decisions when any of the three rules pertaining
to vascular anatomy, tumor size, or location were violated,

Figure 2: Agreement of VasQNet with rule-based decision
deferral with radiologist’s assessment for classifying tumor
resectability for resectable (RE), borderline resectable (BR),
and non-resectable (NR) PDAC.

we classified tumor resectability with an agreement of 26/29
(90%). The agreement between the radiologist and VasQNet
extended with rule-based decision deferral for classifying
tumor resectability is illustrated in the agreement matrix
shown in Figure 2. Overall, 31/60 (52%) of the AI-generated
segmentation violated one or more of the three rules re-
sulting in decision deferral. We found a statistically signifi-
cant difference in agreement between the baseline VasQNet
model and the extended model (p-value < 0.001).

In total, 17 of the 31 deferred decisions (53%) would have
been incorrect had they not been deferred. Specifically, 17
decisions were deferred due to tumor size, while nine de-
cisions were deferred based on tumor location. Moreover,
three decisions were deferred as a result of both tumor size
and deviating vascular anatomy, and an additional two de-
cisions were deferred due to the combined factors of tumor
size, tumor location, and deviating vascular anatomy.

Discussion
This study examined rule-based decision deferral to enhance
the reliability of clinical diagnostics models, using VasQNet
as an example. We observed a significant reduction in false
negative and false positive classifications by comparing the
baseline VasQNet model with an extended version incorpo-
rating rule-based decision deferral. This finding highlights
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the potential of rule-based decision deferral as a valuable
tool for improving the reliability of clinical diagnostics mod-
els.

Previous research in uncertainty quantification has pri-
marily focused on probabilistic methods to estimate and
quantify uncertainty in model decisions. These approaches
typically rely on statistical techniques, Bayesian inference,
or Monte Carlo simulations to provide probabilistic assess-
ments of decision reliability (Zhang 2021; Kwon et al.
2018; Taghizadeh, Karimi, and Heitzinger 2020; Abdar et al.
2021a,b). While uncertainty quantification methods have
demonstrated valuable insights, they often suffer from com-
putational complexity, limited interpretability, and the need
for large amounts of data for accurate estimation. In con-
trast, rule-based decision deferral offers several advantages.
It provides clinicians with explainable insights that align
with their existing workflow and are easily interpretable.
Rule-based decision deferral can be applied to a wide range
of clinical diagnostics models and is compatible with non-
probabilistic models and observations as well as small data
sets. Additionally, the flexibility of rule-based decision de-
ferral enables the easy extension of rules without retraining
the underlying model, facilitating adaptability and continu-
ous improvement in clinical decision-making.

There are several limitations to consider when interpret-
ing our research. First, it is crucial to acknowledge that pre-
defined rules represent simplifications and may not encom-
pass the full range of possible scenarios. For example, pa-
tients with PDAC can present with atypical anatomical char-
acteristics or exhibit features such as large tumors with ex-
trapancreatic growth, even in the absence of vascular in-
volvement. Consequently, a notable limitation of the rule-
based approach is its inherent tendency to also defer deci-
sions that would have been accurate if they had not been
deferred. Nevertheless, it is important to note that even in
cases where the deferred decisions may have been correct,
the presence of factors such as deviating anatomies intro-
duces additional complexities or may necessitate alterna-
tive surgical approaches, thereby warranting careful consid-
eration irrespective of resectability. Second, the rules pre-
sented in this paper are specific to PDAC and may not be
directly applicable to other pathologies. Other pathologies
likely require conceptualizing a new set of rules which sub-
sequently need to be validated. In our study, the selection of
pre-established rules for decision deferral was based on es-
tablished anatomical considerations that were either known
or presumed. However, it is essential to recognize that the
chosen rules may not encompass all relevant factors that in-
fluence the assessment of resectability. Therefore, continu-
ous refinement and updating of the rules based on emerging
clinical evidence is imperative to ensure the optimal perfor-
mance of the model. Lastly, due to the availability of only
one assessment per patient in the PACS system, the method
was compared against a single radiologist assessment. How-
ever, it is important to note that the radiologists differ be-
tween the patients, reducing the likelihood of bias from a
single observer.

Lastly, the method was only compared against the single
radiologist assessment in the PACS system. However, it is

important to note that the assessments are provided by differ-
ent radiologists for each patient. Furthermore, these assess-
ments undergo thorough discussion and evaluation at MDO
meetings, ensuring comprehensive analysis.

Several avenues for future research can further enhance
the application of rule-based decision deferral in clinical di-
agnostics models. First, efforts can be directed towards au-
tomating the process of rule generation by leveraging ma-
chine learning techniques. This would involve applying al-
gorithms that can automatically identify and extract relevant
rules from a training dataset, thereby reducing the reliance
on manual rule specification. Additionally, investigating the
impact of rule-based decision deferral on clinicians’ trust in
diagnostics models would yield valuable insights into the ac-
ceptance and adoption of these models in clinical practice.
Furthermore, conducting prospective validation studies en-
compassing larger and more diverse patient cohorts would
provide crucial evidence regarding the generalizability and
clinical effectiveness of this approach. Lastly, it is imper-
ative to continuously refine and update the rules based on
emerging clinical evidence and expert consensus, ensuring
the ongoing accuracy and applicability of the decision de-
ferral approach in real-world healthcare settings.

Conclusion
Our study demonstrates that incorporating rule-based deci-
sion deferral in clinical diagnostics models such as VasQNet
improves reliability by significantly reducing false positives
and negatives. By aligning with established clinical knowl-
edge and mimicking the decision-making process of radiol-
ogists, this approach may facilitate clinician understanding
and promote the integration of AI systems into clinical prac-
tice. Future research should focus on prospective validation
and implementation studies to further evaluate the clinical
impact and feasibility of rule-based decision deferral in real-
world settings.
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