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A B S T R A C T

Background and purpose: Pancreatic gross tumor volume (GTV) delineation is challenging due to their variable 
morphology and uncertain ground truth. Previous deep learning-based auto-segmentation methods have strug
gled to handle tasks with uncertain ground truth and have not accommodated stylistic customizations. We aim to 
develop a human-in-the-loop pancreatic GTV segmentation tool using Tversky ensembles by leveraging uncer
tainty estimation techniques.
Material and methods: In this study, we utilized a total of 282 patients from the pancreas task of the Medical 
Segmentation Decathlon. Thirty patients were randomly selected to form an independent test set, while the 
remaining 252 patients were divided into an 80–20 % training-validation split. We incorporated Tversky loss 
layer during training to train a five-member segmentation ensemble with varying contouring tendencies. The 
Tversky ensemble predicted probability maps by estimating pixel-level segmentation uncertainties. Probability 
thresholding was employed on the resulting probability maps to generate the final contours, from which eleven 
contours were extracted for quantitative evaluation against ground truths, with variations in the threshold 
values.
Results: Our Tversky ensemble achieved DSC of 0.47, HD95 of 12.70 mm and MSD of 3.24 mm respectively using 
the optimal thresholding configuration. We outperformed the Swin-UNETR configuration that achieved the state- 
of-the-art result in the pancreas task of the medical segmentation decathlon.
Conclusions: Our study demonstrated the effectiveness of employing an ensemble-based uncertainty estimation 
technique for pancreatic tumor segmentation. The approach provided clinicians with a consensus probability 
map that could be fine-tuned in line with their preferences, generating contours with greater confidence.

1. Introduction

Radiation therapy is an important pillar in multidisciplinary 
pancreatic cancer management. Accurate target delineation is crucial 
for radiation treatment in pancreas to achieve sufficient local control. 
However, pancreatic tumors are difficult to differentiate from the sur
rounding parenchyma, even for experienced clinicians. Given the sig
nificant level of inherent uncertainty, clinicians rely on clinical intuition 
to achieve desired level of accuracy in tumor contouring. As a result, 

tumor contours often have large interobserver variability [1].
In recent years, deep learning-based auto-segmentation has emerged 

as the preferred method for biomedical image segmentation [2] 
Although deep learning-based approaches have shown remarkable 
performance, they often suffer from a tendency towards overconfidence 
in probability estimation [3]. This can be particularly challenging in 
segmentation tasks where ground truths are uncertain, as in the case of 
pancreas tumor segmentation. Models often confidently provide a single 
erroneous contour upon inference, which requires significant time to 
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edit and discourages clinical adoption of auto-segmentation. Current 
deep learning models typically provides a one-size-fit-all solution based 
on the style of training dataset, allowing little room for customization 
after inference.

For a segmentation task with uncertain ground-truths like pancreas 
tumors, providing contours with probability estimates would be ideal. 
The model, with its prior knowledge from training dataset, would assist 
experts to create an accurate delineation of the target. To achieve real- 
world probability estimates using deep learning models, calibration is 
necessary to ensure the predicted probability map is accurate. Calibra
tion techniques such as Monte-Carlo dropout [4] and test-time 
augmentation [5] are widely used to generate accurate uncertainty es
timates in tandem with the segmentation results, which enables users to 
obtain interpretable outcomes. However, these calibration techniques 
require significant time during inference. In addition, these statistical 
approaches do not accommodate varying segmentation styles that 
would benefit clinical adoption.

A more efficient approach to address overconfidence in deep 
learning models is the use of deep ensembles [6]. Fort et al. highlighted 
that models trained with different configurations can reach their con
clusions in distinct ways. By averaging the output probability of high- 
performance segmentation models within an ensemble, a more robust 
probability map can be generated that reflects the consensus of expert 
models. Notably, calibration results are more precise when model con
figurations diverge [6]. Incorporating a diverse set of model configu
rations within an ensemble for segmentation provides accurate 
uncertainty estimation and enhances the model’s segmentation perfor
mance. The computation required for inferencing would be identical to 
clinical models, which often leverage multiple models via cross- 
validation to optimize performance [7].

In this study, we aimed to enhance pancreatic tumor segmentation 
by conducting deep ensemble calibration on state-of-the-art segmenta
tion models. We hypothesized that the consensus between models with 
varying segmentation tendencies could efficiently provide accurate 
pancreatic tumor probability maps and high-quality tumor contours. 
Furthermore, probability maps would allow clinicians to conduct fast 
post-hoc adaptations that align with their stylistic preferences. Our 
approach strived to provide explainable and customizable assistance in 
pancreatic tumor segmentation and help streamline the clinical 
workflow.

2. Material and methods

Our study was conducted on the Medical Segmentation Decathlon 
[8] pancreas tumor task training dataset. A total of 282 contrast- 
enhanced portal-venous scans collected by the Memorial Sloan Ketter
ing Cancer Center (New York, NY, USA) were used in this study. Scan 
resolution was 512x512 and slice thickness was 2.5 mm for all patients 
included in the study. Both pancreatic masses (cyst or tumor) and pa
renchyma were delineated by an expert abdominal radiologist. To create 
an independent test set, 30 patients were randomly selected. The 
remaining 252 patients were divided into a training set (80 %) and a 
validation set (20 %). To fully leverage the entire training set, we uti
lized five-fold cross validation. The CT images were clipped from − 87 to 
199 HU and resampled isotropically at 1.0 mm × 1.0 mm × 1.0 mm. The 
transformer-based Swin-UNETR architecture was used in this study as 
shown in Fig. 1. It was selected due to its state-of-the-art performance in 
the pancreas task of MSD challenge [9]. Given that the Swin-UNETR 
architecture is 3D-based, we cropped images into 96 × 96 × 96 
patches with an overlap of 50 %. Additionally, data augmentation 

Fig. 1. Swin-UNETR Tversky Ensemble Workflow. The ensemble was created by varying Tversky loss hyperparameter. After inference, the mean of all individual 
model outputs was calculated to create the probability map. The final contour was created via probability thresholding by experts.
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strategies such as random flip, rotation, intensity scaling, and shifting 
with varying probabilities were employed. The training of the model 
was conducted on a single A100 GPU for a total of 5000 epochs with a 
learning rate of 1e− 4 and a batch size of 2. Each member of the ensemble 
required 151 h to complete training. In order to ensure a fair comparison 
with the state-of-the-art Swin-UNETR models in the pancreas task, the 
preprocessing pipeline and hyperparameters were kept identical as re
ported in Tang et al. [9]. This was done to eliminate any potential 
confounding factors that could influence the performance comparison.

To integrate various segmentation styles into our ensemble, we uti
lized the Tversky loss layer during our training process. The baseline 
ensemble of Swin-UNETR models aims to minimize the Dice similarity 
coefficient during training, which assigns equal weight to false positives 
(FP) and false negatives (FN): 

DSC =
2TP

2TP + FN + FP 

Tversky index, on the other hand, allows us to weigh FP and FN: 

TI =
TP

TP + αFN + βFP 

Here, α and β (α + β = 1) control the magnitude of the penalties for FN 
and FP. Through manipulating the Tversky index hyperparameters, we 
can customize the segmentation tendencies of our models. Models with 
an α greater than 0.5 have a tendency to under-segment as they penalize 
false negatives more heavily. Conversely, models with an α less than 0.5 
tend to over-segment as they prioritize false positives. However, optimal 
and well-balanced segmentation is still maximally rewarded regardless 
of these tendencies.

Utilizing the Tversky loss, we can regulate each model’s segmenta
tion tendencies to imitate the contouring styles of multiple experts. We 
first implemented Tversky loss within the Swin-UNETR architecture 
with MONAI 1.0 on a voxel-by-voxel basis. Let P be the predicted label 
from the network and G the ground truth label: 

TL(P,G; α, β) = 1 − TI(P,G; α, β)

where, 

TI(P,G; α, β) = |PG|
|PG| + α|P\G| + β|G\P|

During training, α and β controlled the level of penalization for FP 
and FN respectively. These loss function hyperparameters gave us con
trol in training individual Swin-UNETR model with under-segment or 
over-segment tendencies. To create a Tversky ensemble, we assigned 
unique α values to each of the five members. The ensemble was trained 
with α values of 0.1, 0.3, 0.5, 0.7, and 0.9, respectively.

The model’s predictions were generated using sliding windows with 
a 50 % overlap, and the mean probability of all members in the Tversky 
ensemble was utilized. The calibrated probability map for tumor pre
diction was directly extracted from the inference results. A sample 
workflow of Tversky ensemble auto-segmentation is shown in Fig. 1, 
where experts utilized the probability map to identify regions that were 
difficult to visualize on contrast-enhanced CT scans and to correct errors 
in the auto-segmentation. For quantitative evaluations against the 
ground truths, we extracted eleven final segmentations by varying the 
threshold values ranging from 0.05 to 0.9 on the probability map. To 
accurately reflect segmentation performance after expert thresholding, 
we selected the contours with the lowest 95th percentile Hausdorff 
distance to represent the final quantitative results. This approach pro
vided a conservative estimate of performance improvement following 
expert input. We compared the quantitative performance of the Tversky 
ensemble, using varying threshold values, against the baseline Swin- 
UNETR 5FCV ensemble with the Wilcoxon signed-rank test to identify 
any statistically significant paired differences. This non-parametric test 
was chosen because the DSC, MSD, and HD95 metrics were non- 

normally distributed in our experiment. We calculated the sum of 
ranks for both positive and negative ranks, using the smaller of these two 
sums as the test statistic. The p-value was then computed to determine 
whether there was a significant difference between the medians of the 
Tversky ensemble and the baseline ensemble for the same test patients.

3. Results

Table 1 presents the quantitative results of all the thresholded con
tours. Our findings indicated that thresholding the probability maps 
with a value of 0.05 yielded the highest Dice similarity coefficient (DSC) 
results, while contours thresholded with a probability value of 0.5 
exhibited the lowest distance metric.

To mimic the human-in-the-loop adaptation process, we selected the 
contours with the lowest 95th percentile Hausdorff distance (HD95) 
among the eleven probability thresholds from each patient for final 
quantitative evaluation. Our final quantitative results surpassed those of 
the Swin-UNETR configuration, which achieved state-of-the-art results 
in the pancreas task of the Medical Segmentation Decathlon challenge. 
The boxplots of the quantitative results were shown in Fig. 2. Our sta
tistical test has demonstrated that our method not only yielded higher 
mean and median Dice Similarity Coefficient (DSC) values, but also 
resulted in lower mean and median distance metrics. This performance 
improvement was found to be statistically significant for both DSC (p =
0.006), HD95 (p = 0.038), and average surface distance (p = 0.012), 
with all p-values being less than 0.05 in the Wilcoxon signed-rank test.

When employing an overly cautious segmentation approach (high 
probability threshold), as depicted in Fig. 3, the generated contours 
exhibited lower DSC scores, as anticipated. However, we also observed 
that this conservative contouring strategy led to poorer distance-based 
results. In contrast, an over-segmentation style yielded more favorable 
quantitative outcomes in both DSC and distance metrics in pancreatic 
tumor segmentation.

A sample of the calibrated probability map for the pancreas tumor 
was shown in Fig. 4. Instead of a fixed contour, the Tversky ensemble 
produced voxel-by-voxel uncertainty estimation for the tumor. The 
inference time for the probability map was 18 s.

4. Discussion

In this study, we proposed an approach to address segmentation 
tasks with uncertain ground truths by utilizing ensemble-based uncer
tainty estimation techniques. Deep ensembles have demonstrated 
remarkable performance in uncertainty estimation tasks, and greater 
variability within the ensemble has been observed to improve the cali
bration of the pixelwise probability map [6]. To introduce human-like 
variability and incorporate multiple segmentation styles into the 

Table 1 
Quantitative Analysis of contours created with varying thresholds of the prob
ability map. Best results were created from selecting the contours with the 
lowest HD95 for each individual case. The Swin-UNETR results were from a 5fcv 
Swin-UNETR ensemble trained with DSC loss.

DSC HD95 (mm) MSD (mm)

Mean SD Mean SD Mean SD

0.05 0.47 0.33 14.4 14.2 4.9 9.5
0.1 0.46 0.33 14.8 14.5 4.9 9.6
0.2 0.45 0.33 14.9 14.6 5.0 9.6
0.3 0.44 0.34 15.4 15.9 5.7 10.6
0.4 0.44 0.34 15.6 16.1 5.6 10.5
0.5 0.43 0.34 14.0 11.0 4.1 6.1
0.6 0.42 0.34 14.1 11.0 4.1 6.1
0.7 0.41 0.34 14.2 11.0 4.1 6.1
0.8 0.40 0.33 14.3 11.1 4.1 6.1
0.9 0.39 0.33 14.5 11.1 4.1 6.1
Best 0.47 0.33 12.7 10.0 3.2 4.6
Swin-UNETR 0.43 0.34 13.4 10.1 3.8 4.1
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Fig. 2. Quantitative results of automatically generated contours compared to ground truths. Contours were generated by thresholding the probability map with a 
variety of values (0.05 and 0.9 as shown) and the contour with the lowest HD95 were chosen to serve as the best contour to compare against the Swin- 
UNETR ensemble.

Fig. 3. The trend of segmentation quality as thresholding value increases was shown in boxplots. The DSC scores between generated contours and ground truths 
decreased and the distance metric increased.

Fig. 4. A probability map generated by Tversky ensemble. Final segmentations were derived from thresholding the probability map.
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consensus probability estimation, we employed the Tversky loss func
tion to fine tune the contouring style of each individual model [10]. In 
addition to using different data folds, we tuned the Tversky hyper
parameters to generate models with varying segmentation tendencies. 
This enabled the creation of multiple segmentations from a well- 
calibrated probability map that can be adjusted to the physician’s 
preferences as shown in Fig. 4. Our approach yielded superior quanti
tative results compared to the Swin-UNETR [11] ensemble, which was 
trained and tested on the same dataset with identical cross-validation 
data folds. Both the Tversky ensemble and the Swin-UNETR ensemble 
were trained using the preprocessing and hyperparameters reported by 
the ensemble that achieved state-of-the-art performance in the pancreas 
task of the Medical Segmentation Decathlon [8].

The Dice similarity coefficient (DSC) results showed consistent 
improvement with lower probability thresholds as shown in Fig. 3. Upon 
qualitative observation, we found that the model consistently under- 
segmented the tumor compared to the ground truth. While the gener
ated segmentations captured the hypodense regions in the CT images, 
they failed to extrapolate to the surrounding diseased areas that were 
less prominent to the human eye. By lowering the probability threshold, 
the generated contours became more aggressive in delineating the un
certain regions at the tumor border. This resulted in a greater overlap 
with the ground truths labeled by experts, as depicted in Fig. S1, leading 
to improved quantitative performance. Selecting the contours based on 
the lowest HD95 distance further improved the distance metrics without 
compromising the DSC. By optimizing the thresholding strategy on a 
patient-by-patient basis, we retained aggressive segmentations that 
incorporated uncertain regions while eliminating erroneous regions 
with low confidence. In the clinical workflow, physicians could 
threshold the probability map in real-time to accommodate their pref
erences. The post-hoc editing capability introduced expert input and 
allowed fast adaptation prior to contour finalization. The pixel-level 
uncertainty estimation also offered clinicians more confidence when 
identifying the pancreatic tumor target, especially at the tumor border. 
Our Tversky ensemble enhanced the auto-segmentation workflow for 
clinicians, allowing fast post-hoc adaptation and provided contouring 
assistance at tumor border.

While over-segmentation was preferred in pancreatic tumor seg
mentation due to the inherent uncertainty at tumor borders, incorpo
rating low probability regions was not without its drawbacks. When 
lenient thresholding was applied, the ensemble could falsely identify 
tumors from benign anatomy, as illustrated in Fig. S2. This occurrence 
was common in auto-segmentation since pancreatic tumors often dis
played low contrast compared to the surrounding tissue. False positives 
were frequently observed due to the presence of hypodense regions 
throughout the CT scans. In our post-processing step, we retained the 
largest connected component of the predicted contours, which could 
result in falsely labeled low probability regions becoming the larger 
connected component and leading to poor quantitative results. This 
perturbation to the distance metrics occurred when increasing the 
threshold from 0.4 to 0.5. However, the calibrated probability map 
offered an opportunity to detect some mis-contoured cases based on 
uncertainty estimates. Clinicians could visually identify regions with 
low confidence. If the initial probability map was found to be erroneous, 
they had the ability to eliminate falsely identified tumor regions by 
increasing the probability threshold, as demonstrated in Fig. S2. This 
feature allowed the model to maintain an aggressive approach in most 
cases to ensure optimal results, while producing accurate contours after 
human intervention when the Tversky ensemble was uncertain.

Based on our observation that over-segmentation tendencies yielded 
contours that were closer to the ground truth, we selected a Tversky α 
value of 1.0 to construct an ensemble that maximally rewarded over- 
segmentation. We utilized identical data split, preprocessing tech
niques, and hyperparameters outlined by the state-of-the-art Swin- 
UNETR ensemble. The resulting over-segmenting ensemble only ach
ieved an average DSC of 0.40. This performance deterioration 

underscored the significance of the diversity introduced by the varying 
Tversky hyperparameters. It substantiated the crucial role of a well- 
calibrated probability map in achieving accurate segmentation. 
Directly tuning the model towards the desired behavior did not yield 
improvements in segmentation quality. By incorporating diverse seg
mentation tendencies within the Tversky ensemble, we successfully 
generated a probability map that was better calibrated along with more 
precise segmentation.

Our proposed approach still required human intervention for the 
final contouring. The state-of-the-art approach achieved an average DSC 
of 0.43 in our test set, indicating that expert input remained necessary 
for achieving optimal plan quality in segmentation workflows. Despite 
outperforming the state-of-the-art model ensemble using identical pre
processing and hyperparameters, our tool was not yet capable of fully 
automating the segmentation of pancreatic tumors. In addition, while 
our Tversky ensemble improved upon baseline ensemble in under- 
segmenting, the model was still not sufficiently aggressive in uncer
tain regions. Additionally, our post-processing pipeline, which retained 
the largest component, might introduce unintended variabilities when 
using low probability thresholds for aggressive contouring at the tumor 
border. Therefore, caution is advised when conducting thresholding to 
avoid compromising the accuracy and quality of the final segmentation 
results.

One limitation of our study was the tendency of supervised deep 
learning segmentation models to under-segment pancreatic tumors. The 
segmentation performance was particularly affected at tumor borders 
where experts relied on clinical notes in conjunction with imaging fea
tures. Recently, text-guided segmentation has been introduced in med
ical imaging. Text prompts have proven effective in guiding 
transformer-based segmentation networks in areas where imaging fea
tures alone are insufficient for vision-only deep learning models [12]. 
For future work, we plan to integrate natural language guidance into our 
vision transformer-based segmentation network. By utilizing informa
tion from clinical notes, we aim to minimize under-segmentation at 
tumor borders and achieve expert-level performance in pancreatic 
tumor segmentation. Generating segmentations from clinical notes can 
also help reduce inter-observer variability in clinical interpretation and 
facilitates the creation of standardized datasets.

The current study was also limited by the lack of qualitative assess
ment by experts. While our experts assisted in finalizing the workflow 
with the Tversky ensemble, the resources and cost required for a large- 
scale multi-institution qualitative evaluation prohibited us from 
including it in this study. Future work will focus on deploying the model 
in clinical settings and conducting qualitative assessments of the con
tours with multiple experts from various institutions. While the primary 
challenge in pancreatic tumor segmentation lies in uncertain ground 
truths, the qualitative evaluation will create ground-truth contours from 
different institutions. This diverse dataset will be utilized to enhance the 
performance of pancreas tumor segmentation models and improve their 
generalizability. By combining text-guided segmentation with an 
extensive qualitative review of a diverse dataset, we hope to achieve 
fully automated pancreatic tumor segmentation.

In this study, we employed an ensemble-based uncertainty estima
tion technique to facilitate the segmentation of pancreatic tumors. Given 
the inherent ambiguity of ground truth delineation, we adapted the 
Tversky loss function to account for a variety of contouring styles and 
generate a consensus probability map that can be fine-tuned by clini
cians in line with their preferences, following model inference. By uti
lizing the same network architecture, data preprocessing pipeline, 
hyperparameters, and ensembling strategy as the state-of-the-art model, 
our approach outperformed its Swin-UNETR counterpart in the 
pancreatic tumor segmentation task of the Medical Segmentation 
Decathlon. Furthermore, our method provides pixel-wise uncertainty 
estimation, which enables clinicians to generate contours with greater 
confidence. We are optimistic that our Tversky ensembles can serve as 
an accurate and dependable solution for pancreatic tumor segmentation.
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