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Abstract. Pancreatic cancer is a relatively uncommon but most deadly
cancer. Screening the general asymptomatic population is not recom-
mended due to the risk that a significant number of false positive individ-
uals may undergo unnecessary imaging tests (e.g., multi-phase contrast-
enhanced CT scans) and follow-ups, adding health care costs greatly and
no clear patient benefits. In this work, we investigate the feasibility of
using a single-phase non-contrast CT scan, a cheaper, simpler, and safer
substituent, to detect resectable pancreatic mass and classify the detec-
tion as pancreatic ductal adenocarcinoma (PDAC) or other abnormalities
(nonPDAC) or normal pancreas. This task is usually poorly performed
by general radiologists or even pancreatic specialists. With pathology-
confirmed mass types and knowledge transfer from contrast-enhanced
CT to non-contrast CT scans as supervision, we propose a novel deep
classification model with an anatomy-guided transformer. After train-
ing on a large-scale dataset including 1321 patients: 450 PDACs, 394
nonPDACs, and 477 normal, our model achieves a sensitivity of 95.2%
and a specificity of 95.8% for the detection of abnormalities on the hold-
out testing set with 306 patients. The mean sensitivity and specificity
of 11 radiologists are 79.7% and 87.6%. For the 3-class classification
task, our model outperforms the mean radiologists by absolute margins
of 25%, 22%, and 8% for PDAC, nonPDAC, and normal, respectively.
Our work sheds light on a potential new tool for large-scale (opportunis-
tic or designed) pancreatic cancer screening, with significantly improved
accuracy, lower test risk, and cost savings.

Keywords: Pancreatic Cancer · Large-scale Cancer Screening · Trans-
formers · Non-contrast CT

1 Introduction

Pancreatic cancer is the third leading cause of death among all cancers in the
United States, with a 5-year overall survival rate of ∼10% [14]. Surgical resection
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by now remains the only treatment that offers curative potential [10], but more
than 80% of patients with pancreatic cancer have already lost the opportunity of
surgery at the first diagnosis. Thus, screening pancreatic cancer is very important
to provide early diagnosis and patient risk monitoring. The most widely used
imaging modality for the initial evaluation of suspected pancreatic cancer is the
contrast-enhanced CT scan (CECT). The benefit of CECT for early pancreatic
cancer detection includes high sensitivity and specificity, general standardization
and availability and relatively easy interpretation [16]. However, CECT exposes
patients to radiation and requires iodine contrast, which can cause reaction and
potential risks in patients [16], making it hard to be recognized as a general
protocol to screen for pancreatic cancer.

In this work, we investigate the possibility of using non-contrast CT scans
(NCCT) to screen for pancreatic cancer with deep learning. Compared to CECT,
NCCT is cheaper and safer, because it does not require iodine contrast and ex-
poses patients to less radiation. NCCT has been generally applied in screening
for lung nodules [11] which can possibly be reused for opportunistic pancreatic
cancer screening as well. Nevertheless, due to the low contrast in NCCT pan-
creatic region, the difficulty of tumor detection rises significantly for radiologists
without contrast enhancement. Deep networks, on the other hand, are particu-
larly good at discovering local texture and shape geometry changes, which give
us an opportunity to detect pancreatic cancer even without contrast enhance-
ment on NCCT. Those miss detections by human eyes due to low visual contrast
do not necessarily become the false negatives by deep learning (DL) detectors.

One major challenge of training deep learning models on NCCT is the diffi-
culty of obtaining expert annotations. Even experienced radiologists could miss
masses due to the low contrast on NCCT. This problem is tackled in the process
of data collection from the following two aspects. (1) We obtain the pathology-
confirmed mass type as classification ground-truth for patients with pancreatic
ductal adenocarcinoma (PDAC) or non-PDAC. (2) For the pixel-level labeling of
pancreatic tumor mass, the radiologist first annotates on the contrast-enhanced
CT; we then transfer the segmentation mask from contrast-enhanced CT to
non-contrast CT by performing volumetric registration on the same patient.
The combined classification ground-truth labels and segmentation masks serve
as the supervisions of our deep learning model with the input of non-contrast
CT scans only. The pathology-confirmed mass type and knowledge transfer from
CECT to NCCT are the two important pre-requisites for our model to surpass
the human expert performance on detecting pancreatic cancer via NCCT.

In terms of the design of deep models, we extend the previous “Segmenta-
tion for Classification” [29] paradigm by building a deep classification on top of
a segmentation model with transformers [18]. Given the fact that local texture
could be insufficient to detect tumors in NCCT, we adopt Transformers to model
the pancreas anatomy structure for better classification, which can capture the
global context with multi-head attention. This is also in line with the practical
diagnosis experience of the radiologists, where sometimes abnormality is discov-
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ered by the secondary-sign, such as swelling pancreas head/tail or pancreatic
duct dilation, without actually seeing the tumor.

To validate the feasibility of the proposed solution, we collect a large-scale
dataset, which covers 1627 patients: 558 PDACs, 474 nonPDACs, and 595 nor-
mal. Our model achieves a sensitivity of 95.2% and a specificity of 95.8% on
the holdout test set, in terms of abnormality detection. In contrast, the average
performance of 11 expert radiologists is 79.7% and 87.6%. This result illustrates
the superiority of our designed deep learning-based framework in this specialized
task of detecting pancreatic cancer in NCCT. This work sheds light on a poten-
tial viable and safe protocol to screen pancreatic cancers on general population.

The main contributions of this paper are summarized as follows.

– For the first time, non-contrast CT (NCCT) is proposed and validated
as an effective imaging modality for full-spectrum taxonomy of pancreatic
mass/disease screening using deep learning. This sheds light on new com-
puting tools for large-scale opportunistic or designated pancreatic cancer
screening of improved accuracy, lower test risk, and cost savings.

– We utilize the pathology-confirmed mass labels, and transfer the imaging
information and knowledge from CECT to NCCT as supervision, which is a
prerequisite to surpass human expert performance in this task.

– We propose a new framework, named Anatomy-aware Hybrid Transformers,
outperforming the mainstream “Segmentation for Classification” paradigm.

– We achieve a sensitivity of 95.2% and a specificity of 95.8% on a large-scale
dataset with 1627 patients, demonstrating the good potential of using more
convenient non-contrast CT scans for pancreatic cancer screening.

1.1 Related Work

Automated pancreatic tumor detection. Recent advances in deep learning
have lead to tremendous improvement in pancreas segmentation [1, 9, 12, 13,
19, 23, 27, 28], an important pre-requisite step for pancreatic tumor detection.
Researchers have started to explore the task of automated pancreatic tumor
detection using contrast-enhanced CT scans with deep networks [4,20,24,25,29]
and radiomics [3]; as well as the task of cancer prognosis prediction [22]. Different
from previous work, our framework is designed for non-contrast CT scans, which
is beneficial for general asymptomatic patients yet much more challenging.
Vision transformers. Transformer [18] utilizes attention mechanism originally
designed for language tasks. It has recently been applied into vision task, e.g.,
object detection [2], image recognition [18] and semantic segmentation [26], and
achieved comparable or better performance than CNN based approaches.

2 Methodology

Problem statement. We formulate the task of pancreatic cancer detection
in non-contrast CT scans as a three-class classification problem. We denote
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L = {0, 1, 2} for the three patient classes, i.e., normal, PDAC and non-PDAC.
The reasons of having these three classes are: (1) PDAC is a unique group
with the most dismal prognosis; (2) any pancreas CT findings with a influ-
ence on patient management options. Screening for pancreatic cancer is much
more difficult than lung nodules or mammography screening due to the chal-
lenge and visual ambiguity of soft-tissue tumor detection without CT contrast
enhancement. A key part in our processing pipeline is the availability of knowl-
edge transfer from contrast-enhanced CT by incorporating pathology-confirmed
mass type as classification labels and segmentation labels (tumor/pancreas)
used for intermediate supervision, as shown in Fig.1. Denote the training set
by S = {(Xi,Yi,Zi)|i = 1, 2, ..M}, where Xi ∈ RHi×Wi×Di , is the 3D volume
representing the non-contrast CT scans of the i-th patient. Yi is the voxel-wise
annotated label map with the same spatial size as Xi. Zi ∈ L is the class label of
the image, confirmed by pathology, radiology, or clinical records. In the testing
phase, only Xi is given, and our goal is to predict a class label for Xi.

Knowledge transfer from contrast-enhanced to non-contrast CT.
Considering the difficulties of mass annotation on non-contrast CT scans (e.g.,
tumors are barely visible), radiologists first annotate the voxel-wise mass mask
on the contrast-enhanced CT scan with the same patient. We then perform
image registration using DEEDS [8] from CECT to NCCT and apply the regis-
tration field on the manually segmented mass mask. In this way, we can obtain
a relatively coarse, but the most reliable mass mask Yi on the NCCT image.

2.1 Anatomy-aware Classification with Transformers

Segmentation for classification is the most straightforward and adopted represen-
tation of the task of pancreatic tumor detection. We train a localization UNet [5]
to segment pancreas and mass supervised by the transferred masks generated
as above. This localization UNet is also used for cropping out the pancreas ROI
region as shown in the test process in Fig 1.

Given the superiority of the attention mechanism in modelling the global
context, we build a hybrid Vision Transformer [6] on top of the UNet segmenta-
tion model (see Fig 1). Since the transformer takes the input of the feature map
of a segmentation network, we term it as Anatomy-ware Hybrid Transformer.
We denote the pancreas ROI region by X, and X ∈ RH×W×D. We then forward
the image X into a UNet, which consists of a feature extractor F and an output
layer G. This UNet has an intermediate supervision of the mask transferred from
contrast-enhanced CT scan of the same patient where the human annotation is
available. Therefore, the intermediate output segmentation Ps can be obtained
by Ps = G(F(X)).

The input of the Vision Transformer H is the final feature map of the UNet
right before the output layer, denoted as F(X), which has a spatial dimension of
(C,W,H,D) and C is the number of channels of the feature map. We first use two
consecutive 3D convolution layers with a kernel size of k1×k2×1 and 1×1×k3
to extract W

k1
× H

k2
× D

k3
feature patches with C ′ dimensions each, where C ′ is

also the dimension of the input sequences of the Transformer. Note that previous
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Fig. 1: A visual illustration of our whole framework. Top: we train our hybrid
Vision Transformer on non-contrast CT via two supervisions: (i) class label of
normal/PDAC/nonPDAC obtained by pathology-confirmed mass type, and (ii)
coarse tumor segmentation label transferred from contrast-enhanced CT by reg-
istration. Bottom: in the testing phase, we first crop out the pancreas ROI with
a localization UNet (separately trained) and output the class and segmentation
prediction with the hybrid transformer given non-contrast CT scans.

work [6] directly use one single convolution layer to extract patch features, while
we decompose it into two layers to reduce the number of parameters in our 3D
settings. Learnable positional embeddings are then added to each patch. These
patch features are forwarded through multiple transformer blocks with multi-
head attention. Following ViT [6], we also use a class token for classification.
The output embedding of the class token is used as the classification prediction
after a MLP (multilayer perceptron). Our overall training objective is formulated
as follows:

L = Lseg(Ps,Y) + Lcls(Pc,Z), (1)

where Ps = G(F(X)) and Pc = H(F(X)) are the output segmentation of UNet
and the final classification prediction of the Transformer, respectively. The loss
function for classification is cross-entropy loss.

3 Experiments

Dataset and ground truth. Our dataset of CT scans of 1627 patients, is
consecutively collected in the years of 2016∼2018 from a high-volume pancre-
atic cancer institution. PDAC is of the highest priority among all pancreatic
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abnormalities with a 5-year survival rate of approximately 10% and is the most
common type (about 90% of all pancreatic cancers). This is the main reason that
we group all abnormalities into two classes of PDAC and nonPDAC (including
nine subtypes [17,25]).The dataset is randomly split into a training and a testing
dataset. The training set includes 450 PDACs, 394 nonPDACs, and 477 normal
pancreases. The testing set includes 108 PDACs, 80 nonPDACs, 118 normal
pancreases. Both PDAC and nonPDAC cases are confirmed by their pathology
reports and normal cases by radiology reports and 2-year follow-up. Each patient
has multi-phase CT scans. The median imaging spacing is 0.68×0.68×3.0mm in
[X,Y,Z]. The manual annotations of masses are performed by an experienced ra-
diologist (with 14 years of specialized experience in pancreatic imaging) on either
arterial/pancreatic phase or venous phase with better mass visibility. The anno-
tations of the pancreas are performed automatically by a segmentation model,
which is trained on three datasets, including the single-phase pancreas CTs [15]
and abdominal CTs [7] as well as our multi-phase CT dataset, by following a
self-training strategy [21,24].

Reader study. Eleven radiologists (four are board-certified pancreatic imag-
ing specialists) from four high-volume pancreatic cancer institutions read the 306
non-contrast CTs in the testing dataset without time constraint (WOTC), with
a three-class decision by each reader: PDAC, nonPDAC, or normal.

Implementation details. Each CT volume is firstly resampled into 0.68 ×
0.68 × 3.0 mm spacing and normalized into zero mean and unit variance. In the
training phase, we crop the foreground 3D bounding box of the pancreas region,
randomly pad a small margin on each dimension, and resize the bounding box
into a volume of shape (256, 256, 64). The input of the Vision Transformer is
the final feature map of the UNet right before the output layer, which has a
shape of (32, 256, 256, 64). The two consecutive 3D convolution layers have
the kernel size of 32×32×1 and 1×1×8 which leads to 512 feature patches with
256 dimensions each. The transformer contains 12 consecutive 8-head attention
blocks. We train our hybrid model in an end-to-end fashion with SGD optimizer.
The initial learning rate is set to 1×10−3 and decays with a cosine learning rate
schedule. In addition to the hybrid UNet-Transformer model, we also trained
a standard UNet on the whole image for the localization of pancreas. In the
inference phase, we first localize the bounding box of the pancreas region with
aforementioned UNet, resize the pancreas region into (256, 256, 64) volume and
then classify the pancreas region with our hybrid UNet-Transformer model.

Evaluation methods and metrics. We randomly split the training dataset
into a training set (80% data) and a validation set (20% data). Since the pri-
mary goal of non-contrast CT screening is to distinguish between abnormal
(PDAC+nonPDAC) and normal, a cutoff point (i.e., threshold) is used to di-
chotomize model’s output probabilities into binary predictions. The cutoff point
is predefined on the validation set by maximizing the value of (sensitivity +
specificity) before model evaluation on the testing set. To further classify the
abnormal as PDAC or nonPDAC, the one with a larger output probability is
selected as the prediction. We first report the result of the 2-class classification
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2-class 3-class

Method AUC Sensitivity Specificity PDAC nonPDAC Normal

S4C with UNet [29] 95.98 91.48 95.76 75.00 73.75 95.76
Hybrid CNN 98.25 94.68 94.91 76.85 80.00 94.91
Hybrid Transformer 98.37 95.21 95.76 78.70 80.00 95.76

Mean radiologists WOTC - 79.66 87.58 53.63 57.96 87.58

Table 1: Results on two-class classification (PDAC+nonPDAC vs. normal) and
three-class classification (PDAC vs. nonPDAC vs. normal). WOTC: without
time constraint.

(PDAC + nonPDAC vs. normal). The evaluation metrics include AUC (area
under the ROC curve), sensitivity ( TP

TP+FN ) and specificity ( TN
TN+FP ). We also

report the result of the 3-class classification (PDAC vs. nonPDAC vs. normal),
measured by class accuracy. In addition, the mass detection rate by our model
is assessed. A detection is considered successful if the intersection (between the
ground truth and segmentation mask) over the ground truth is > 0% – a coarse
localization of mass would be useful in this application scenario.

Compared methods. We compare our method to two baseline approaches.
One is ”segmentation for classification” [29] full-filled by a standard UNet where
we classify a case as positive if the detected PDAC or nonPDAC tumor vol-
ume is larger than a certain threshold, which maximize the value of (sensitiv-
ity+specificity) on the validation set. The other is a hybrid CNN classifier built
on the UNet feature map trained in an end-to-end fashion. Specifically, we in-
tegrate a classification head into the segmentation model. We extract multiple
level of the UNet feature map, apply global max pooling on each feature map,
concatenate them and forward into a single-layer perceptron for classification.
Quantitative results are shown in Table 1. The 2-class ROC curve and a case
study are shown in Fig 2.

Anatomy-aware transformer outperforms baselines. Compared to two
baselines, i.e., segmentation for classification (S4C) and hybrid CNN classifier,
our hybrid transformer shows the best performance in all metrics (Table 1),
with a relative low STD (about 1%) on sensitivity and specificity. Most medical
segmentation models focus on local texture changes and lacks the ability to
model the global context. In contrast, our anatomy-aware Hybrid Transformer
is built on the locally discriminative features of the UNet, and captures the
structural relationship over the whole pancreas region with multi-head attention.
Our model is capable of improving the global decision process.

AI models outperforms expert radiologists on non-contrast CT
scan. The performance of all 11 radiologists (WOTC) is below our model’s ROC
curve (Fig 2). Our model has a mass detection rate of 87.76%, and its sensitiv-
ity in abnormality prediction (95%) outperforms the mean human performance
(80%) by a large margin and also surpasses the best performing radiologist (R2:
91%) and specialist (S3: 89%), which is the main goal of pancreatic cancer screen-
ing using non-contrast CTs. More surprisingly, for the 3-class classification task
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Fig. 2: (a) ROC diagram for our model result versus all other experts’ referrals
on the test set of n=306 patients for 2-class classification. The asterisk denotes
the performance of our model. Filled markers denote 11 experts’ performances
using the same non-contrast CT only. S1: Pancreas Specialist 1, R1: Radiologist
1. (b) A case study in the test set. This PDAC case is extremely challenging
for radiologists (only 2/11 are correct) given the limited intensity contrast in
non-contrast CT scans whereas our model can successfully locate the mass and
predicts the class label.

(Table 1), our model outperforms the mean radiologists (WOTC) by absolute
margins of 25%, 22%, and 8% for PDAC, nonPDAC, and normal, respectively.

Human vision system requires adequate visual intensity contrast to distin-
guish mass from pancreas tissue, which is why contrast-enhanced CT scans are
necessary for the diagnosis purpose. Given the surprising performance of DL
models on non-contrast CT, we empirically hypothesize that machine vision is
better at magnifying the local contrast changes to locate masses. Another cru-
cial reason why computerized model substantially outperforming human perfor-
mance on non-contrast CT is that we transfer the expert findings from contrast-
enhanced CT. Most models are restricted to the performance upper bound of
the human annotators. With annotations transfer from CECT (a more “doctor-
friendly” modality), and pathology-confirmed labels, DL models are equipped
with the essential information/knowledge to break the limit of human observers.

Impact and future work. From the reference of computerized performance
using contrast-enhanced CT, (sensitivity, specificity) of PDAC vs. Normal is
recorded as (92.7%, 99%) [29] and (97.1%, 96%) [20]. This work involves dealing
with nonPDAC masses and is generally harder for deep learning [25]. Our perfor-
mance on non-contrast CT scans (95.2%, 95.8%) is approaching those methods
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using contrast-enhanced CT. This finding sheds light on the opportunity to use
automated methods to screen pancreatic cancers via non-contrast CT imag-
ing. This may be very beneficial for patients, because non-contrast CT is much
cheaper, simpler, and safer than its contrast-enhanced counterpart. We plan to
conduct multi-institutional studies to validate the generalizability of our system.

4 Conclusion

In this paper, we explore detecting pancreatic cancer from non-contrast CT
scans, as a relatively cheap, convenient, simple and safe imaging modality. We
propose a hybrid transformer model which is trained by the supervision of
pathology-confirmed mass types and the segmentation masks transferred from
contrast-enhanced CT scans. We achieve high sensitivity and specificity on a
large-scale dataset and outperform the mean radiologists by large margins. Our
work suggests the good feasibility of using non-contrast CT scans as a promising
clinical tool for large-scale pancreatic cancer screening.
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