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ABSTRACT

Deep learning has significantly impacted fields like medical
image analysis. However, the effectiveness of supervised
learning models depends on large volumes of annotated data.
Annotating medical images, especially for tumor regions, is
costly and time-intensive. To overcome this limitation, this
paper propose a novel framework to accelerate tumor anno-
tation, producing a unique dataset with pancreatic lesions
labeled in 300 CT scans from multiple centers. Traditional
annotation methods would require an experienced radiol-
ogist around 216 hours for this task, whereas our frame-
work completed it in 57 hours, achieving similar or even
improved annotation quality. This success stems from two
core elements: (1) pre-training the model on a large-scale
multi-organ dataset, then fine-tuning it on the target domain
before using the fine-tuned model to generate preliminary
labels, and (2) adaptive post-processing based on statistical
insights from an extensive in-house JHH dataset and clini-
cal evidence. More importantly, our framework could help
both the AI model and annotation processes, substantially
reducing the annotation costs required to produce large-scale
datasets for tumor detection and segmentation tasks for other
organs, such as liver and kidney. With our framework, we
introduce AbdomenAtlas2.0-Mini, a dataset of 300 CT scans
with high-quality voxel-level pancreatic lesions annotations.

Index Terms— Medical Image Analysis, Deep Learning,
Human-in-the-loop Annotation

1. INTRODUCTION

Deep learning has achieved remarkable successes across
diverse fields, including medical imaging, significantly ad-
vancing tasks such as organ segmentation [1] and tumor
detection [2]. However, the performance of these models
heavily relies on access to extensive labeled datasets. Data
annotation in medical imaging, particularly for tasks such
as tumor regions annotation, is a labor-intensive and time-
consuming process [3]. Radiologists must manually label
complex anatomical structures and tumor boundaries on
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volumetric images, a task that requires both expertise and
precision. This process not only demands substantial time
and resources but also limits the scalability of annotated
datasets, which are crucial for training robust deep learn-
ing models. The high cost of annotation poses a significant
barrier to developing large, diverse datasets, underscoring
the need for efficient annotation frameworks that can reduce
the burden on radiologists while maintaining high-quality
annotations. Although current models trained on a single
relatively small-scale dataset, such as MSD-Pancreas[4], per-
form well on the corresponding testing set, they often struggle
to generalize across new or diverse datasets, particularly in
the precise segmentation of tumor regions. This limitation,
commonly known as the “generalization gap,” [5] highlights
a fundamental issue in deep learning applications for medi-
cal imaging. Addressing the generalization gap necessitates
the use of larger datasets covering a wider range of proto-
cols, thereby enabling models to learn representations that
are robust across diverse domains. This strategy of leverag-
ing large-scale, multi-protocol data aligns with the concept
of scaling laws, which has recently been validated as an ef-
fective solution to improve model robustness and reduce the
generalization gap in deep learning. [5]

To address these challenges, in this paper, we propose a
new framework designed to streamline the annotation process
for tumor lesions within CT scans. Our framework take ad-
vantage of large-scale supervised pre-trained model that has
been validated to have excellent transfer learning capability in
recent study [6] combined with adaptive post-processing, fa-
cilitating high-quality segmentation results with substantially
reduced annotation times. Our empirical study demonstrated
a 76% reduction in annotation time compared to manual an-
notation from scratch by radiologists. Radiologists only need
to remove a small number of erroneous areas from the prelim-
inary labels generated by the fine-tuned model after adaptive
post-processing, with approximately 0.6 false positive regions
per scan. This result suggests that our framework holds sig-
nificant potential for scaling up annotation processes across
broader datasets, enabling more efficient use of expert time.
More importantly, our framework contributes to the creation
of datasets that could foster improvements in tumor detection
and segmentation models, facilitating more reliable applica-
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Fig. 1. Proposed framework: The process begins by pre-training a 3D TransU-Net model on a large-scale dataset, Abdom-
enAtlas 1.1. The pre-trained model is then fine-tuned on the JHH training set, a dataset of contrast-enhanced CT scans with
pancreatic lesions. The fine-tuned model performs inference on the JHH test set, producing a probability map and determining
a logit value corresponding to a sensitivity of 99%. Using this logit, an initial segmentation result is generated. Adaptive post-
processing is subsequently applied to the initial segmentation, reducing false positives regions, to get intermediate prediction.
Finally, radiologists review the post-processed prediction, revising it to produce the final prediction.

tions in clinical settings. Moreover, most existing Al-assisted
annotation systems, such as MITK and 3D Slicer, rely on
commercial software or require radiologists to learn how to
use these tools from scratch, resulting in additional costs and
unnecessary training time. In contrast, our proposed frame-
work allows radiologists to directly refine Al-generated pre-
liminary labels, avoiding these burdens. Based on our frame-
work, we created and presented AbdomenAtlas2.0-Mini, a
dataset of 300 CT scans with detailed per-voxel pancreatic
tumors annotations, providing a good start and valuable re-
source for future studies.

2. MATERIALS AND METHODS

2.1. Supervised Pre-training and Fine-tuning

The overall workflow of our framework is illustrated in Fig. 1.
Our framework utilizes a 3D TransU-Net [7] as the backbone
model, selected for its effectiveness in volumetric segmen-
tation tasks for medical imaging. This choice is flexible, as
our framework can adapt to different backbone models or in-
corporate other advanced segmentation models—such as U-
Net [8], Swin UNETR [9], or SegResNet [10]—depending on
the specific task requirements and application scenarios. Our
framework begins with a supervised pre-training phase on the
subset of AbdomenAtlasl.1 dataset [6], a large, multi-organ
dataset containing 2,100 fully annotated CT volumes that in-
clude detailed per-voxel annotations for 25 anatomical struc-
tures. This dataset serves as a comprehensive foundation, en-
abling the model to learn rich feature representations across
diverse anatomical structures. To enhance the model’s sensi-
tivity to tumor characteristics, pseudo annotations for seven
distinct tumor types were incorporated into the pre-training
process. These annotations, generated through a mix of man-
ual and semi-automated methods, provide varied representa-
tions of tumor morphology, further strengthening the model’s
feature extraction capabilities.

Following the pre-training phase, we fine-tuned the pre-

trained 3D TransUNet model specifically for pancreatic le-
sions segmentation on a high-resolution CT dataset collected
from Johns Hopkins Hospital (JHH) [2], which includes
5,176 CT volumes categorized into normal cases, as well as
cases with pancreatic ductal adenocarcinoma (PDAC), cysts,
and pancreatic neuroendocrine tumors (PNETs). For the fine-
tuning phase, we utilized 3,159 CT scans from the training
set, while the remaining 1,960 scans formed the test set,
ensuring robust representation across all pancreatic lesions.
After fine-tuning, the model, denoted as f(-), is capable of
segmenting not only the pancreas itself but also the pan-
creatic duct and three types of pancreatic lesions, providing
comprehensive predictions across these regions on new CT
scans.

Pancreatic Lesions (PDAC, Cyst or PNET)

Methods
Sensitivity ~ Specificity =~ PPV Fl1
QY-F Model [2] 92.4 90.5 952 938
SegResNet [10] 94.2 90.0 95.0  94.6
SuPreM [6] 94.2 92.7 963 953
3D TransUNet (Ours) [7] 95.2 95.7 98.0  96.6

Table 1. Comparison of pancreatic tumor detection re-
sults at the patient level, including QY-F Model, SegResNet,
SuPreM, and our 3D TransUNet. Metrics reported include
Sensitivity, Specificity, PPV, and F1-score, highlighting the
superior performance of our 3D TransUNet.

Compared to the baseline QY-F model [2] and more cur-
rent advanced models as shown in Table 1, our fine-tuned pre-
trained model demonstrated superior detection performance
for pancreatic tumors, achieving a sensitivity of 95.2% ver-
sus 92.4% for the QY-F model. We then construct the Free-
response ROC (FROC) Curve using f(-, 6) across a range of
logit threshold values 6, which provide a trade-off map be-
tween sensitivity and false positive rate. Our experiments re-
veal a logit threshold 0.003, achieving a tumor detection sen-
sitivity of 99% while maintaining an acceptable false positive
rate. To address the issue of false positives and enhance an-



notation efficiency, we implemented a series of adaptive post-
processing methods to filter out most of the false positive re-
gions.

2.2. Adaptive Post-processing

To further refine the model’s preliminary predictions and en-
hance annotation efficiency, we applied a series of adaptive
post-processing methods designed to filter out false positive
regions and ensure that detected tumor regions closely align
with anatomical characteristics of the pancreas. First of all, to
ensure consistency in contrast across all CT scans we would
handle with, we applied contrast normalization as a prelimi-
nary step, adjusting all CT intensities to a standardized range
of (-1000, 1000) HU. Then, our post-processing pipeline in-
cludes four main steps, each tailored to address specific chal-
lenges in pancreatic lesions detection and segmentation:

* Removal of Non-Pancreatic Lesions: As an initial filtering
step, we discarded any predicted tumor regions that lays
outside the pancreas area.

* Tumor-to-Pancreas Volume Ratio Filtering: For each tu-
mor category, we imposed a threshold based on the ratio
of tumor volume to pancreas volume. Tumor regions ex-
ceeding this threshold would be reclassified as pancreas,
which helps differentiate between actual tumors and tissue
variations that may mimic tumors in appearance. These
thresholds, derived from statistical analysis on the JHH
dataset, are as follows: 133 for PDAC, 83 for cysts, and 46
for PNET. These values reflect the volume characteristics
across a large cohort of pancreatic tumors cases, providing
a reliable filter in our empirical study.

 Pancreatic Duct Intersection Filtering: To further refine
the segmentation, any predicted cyst or PNET regions in-
tersecting with the pancreatic duct would be reclassified as
part of the pancreas. This step is essential for excluding re-
gions that, while resembling tumors, are in fact pancreatic
ductal extensions or irregularities, ensuring the specificity
of tumor annotations.

* Contrast-Based Filtering: Under this standardized setting,
we conducted statistical analyses on the JHH dataset, cal-
culating the average HU values for regions within each
tumor type. These thresholds, calculated from the JHH
dataset, were set to capture the typical average HU values
of the region for each tumor type: PDAC (—206, 185),
cysts (—33,222), and PNET (—16,270). Predicted re-
gions falling outside these ranges were reclassified as pan-
creatic tissue. Given the large, representative sample size
of our JHH dataset, we find these thresholds generalize
well to most cases of pancreatic tumors. Our empirical
study also validated this belief, such as successfully re-
moving some fat regions that were incorrectly predicted
as tumor areas

This comprehensive pipeline enables our framework to
achieve high sensitivity in tumor detection while significantly

reducing the annotation workload, making it an effective and
scalable solution for data annotations.

2.3. Human-in-the-loop Annotation

To evaluate the effectiveness of our proposed framework in
improving annotation efficiency, we firstly designed a com-
parative annotation study involving 100 CT scans collected
from public datasets [1, 11, 12]. In this study, two senior
radiologists with over 10 years of experience annotated the
same CT images in two distinct settings: one radiologist an-
notated the images from scratch, while the other used our
framework to assist with annotation. This comparison al-
lowed us to quantify the time saved and annotation accuracy
improvements achieved with our framework. Moreover, we
further collected an additional 200 CT scans from public
datasets, and annotated them using our framework to create
the AbdomenAtlas2.0-Mini dataset.

3. RESULTS AND DISCUSSION

The results of our comparative annotation study underscore
the effectiveness of the proposed framework in significantly
enhancing annotation efficiency for radiologists. By em-
ploying our framework, the average annotation time per CT
scan was reduced by almost 76%, demonstrating a substantial
improvement in productivity. For instance, in cases with mul-
tiple lesions (two or more tumor regions), annotating from
scratch required an average of 56 minutes, whereas using
our framework reduced the annotation time to approximately
13 minutes. Based on our proposed framework, the origi-
nal 216 hours required to create the AbdomenAtlas2.0-Mini
dataset have been greatly reduced to 57 hours. In addition to
the time reduction, the framework facilitates the consistent
generation of detailed annotations, as illustrated in Figure 2,
which shows several example cases from our newly created
AbdomenAtlas2.0-Mini dataset. These examples highlight
the quality and precision of the annotations achieved with our
framework.

4. CONCLUSION

Enhancing annotation efficiency and accuracy in tumor re-
gions presents a critical challenge in applying deep learn-
ing models to medical imaging. In this paper, we intro-
duced a novel framework combining large-scale supervised
pre-trained model with adaptive post-processing methods to
streamline the annotation process. By leveraging this frame-
work, we achieved a substantial reduction in annotation time
for radiologists and created a high-quality annotated dataset,
AbdomenAtlas2.0-Mini, setting the stage for creating even
larger-scale datasets in the future. Our framework facilitates
the efficient creation of high-quality datasets, which holds
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Fig. 2. AbdomenAtlas2.0-mini annotations. Red region denotes pancreatic lesions.

significant potential for improving the robustness and gen-
eralization of deep learning models, further supporting their
practical application in clinical settings.
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