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Abstract

BACKGROUND: Early stage diagnosis of Pancreatic Ductal Adenocarcinoma (PDAC) is 

challenging due to the lack of specific diagnostic biomarkers. However, stratifying individuals 

at high risk of PDAC, followed by monitoring their health conditions on regular basis, has the 

potential to allow diagnosis at early stages.

OBJECTIVE: To stratify high risk individuals for PDAC by identifying predictive features in 

pre-diagnostic abdominal Computed Tomography (CT) scans.

METHODS: A set of CT features, potentially predictive of PDAC, was identified in the analysis 

of 4000 raw radiomic parameters extracted from pancreases in pre-diagnostic scans. The naïve 

Bayes classifier was then developed for automatic classification of CT scans of the pancreas with 

high risk for PDAC. A set of 108 retrospective CT scans (36 scans from each healthy control, 

pre-diagnostic, and diagnostic group) from 72 subjects was used for the study. Model development 

was performed on 66 multiphase CT scans, whereas external validation was performed on 42 

venous-phase CT scans.

RESULTS: The system achieved an average classification accuracy of 86% on the external 

dataset.
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CONCLUSIONS: Radiomic analysis of abdominal CT scans can unveil, quantify, and interpret 

micro-level changes in the pre-diagnostic pancreas and can efficiently assist in the stratification of 

high risk individuals for PDAC.
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1. Introduction

Pancreatic Ductal Adenocarcinoma (PDAC) is lethal cancer accounting for over 90% of 

pancreatic cancer (PC) cases [1–3]. Although having a relatively low incidence rate, it 

is currently the 4th leading cause of all cancer deaths in both genders [1, 4–5], with 

expectations to become the 2nd most by 2030 [4,6–7]. About 60,430 new cases and 48,220 

deaths are expected to be PDAC-related in 2021 in the United States [8]. It is aggressive 

cancer that develops metastases quickly though it remains asymptomatic in its early stage. 

Consequently, 80% of patients are already at advanced stage of the cancer when diagnosed 

for the first time [9–12]. Complete surgical resection of the tumor becomes challenging 

at late stages due to extensive vascular involvement and consequent high chance of a 

non-radical resection. Treatment given at late stages usually either results in partial resection 

of the tumor or recurrence of cancer. Resultantly, the overall five-year survival rate of PDAC 

barely exceeds 10%. However, recent studies consistently suggest that diagnosing PDAC in 

its early stages, when complete removal of the tumor is possible, can elevate the current 

survival rate up to 50% [1, 13–14].

Identifying individuals at high risk of developing PDAC in the future has the potential to 

allow early stage diagnosis through follow-up monitoring of their health conditions on a 

regular basis using specialized surveillance systems [15–17]. However, it is a challenging 

task because of the lack of specific symptoms and biomarkers during development of 

PDAC. Patients usually experience abdominal pain, unexplained weight loss, or jaundice 

at an early stage or during the development of PDAC but do not usually undergo PDAC 

screening as these conditions are also associated with a broad range of other diseases [2, 

15–18]. According to the Centers for Disease Control and Prevention (CDC), abdominal 

pain is the single most common reason that American patients visit the emergency room 

(ER), accounting for 7 million visits per year. Most patients with abdominal disorders 

undergo abdominal CT imaging where these patients are deemed negative as evaluated by 

a radiologist–though some of these patients eventually develop PDAC. Although several 

empirical studies link PDAC incidence with many preconditioning abnormalities that 

cause alterations to pancreatic morphology that is visible on CT scans. For example, 

several complications that are linked to PDAC including distal parenchymal atrophy [19], 

intraductal papillary mucinous neoplasms of the pancreas [20], intraductal calculi, or 

Pancreatolithiasis [21] progressively increase tissue heterogeneity of the pancreas on a 

CT scan. Furthermore, pancreatic inflammation [22] and ductal dilation [23] cause shape 

and size deformation of the pancreas. However, such micro-level variations are difficult to 

comprehend by visual assessment.
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AI is the primary choice to perform prediction modeling for several cancers [4,24–25]. 

AI-based systems almost always surpass traditional manual approaches. The tremendous 

advancements in AI in recent years, particularly in the realm of medical image 

processing and analysis, offer an enormous range of automated tools for extracting precise 

measurements of biomarkers and organs, unveiling complex features, and quantifying tissue 

characteristics. Radiomic analysis [26], machine learning [27], and deep learning [24–25] 

are considered the most reliable and frequently utilized AI approaches for prediction 

modeling. Although imaging has not been explicitly used for PDAC prediction, however, 

due to the recent advancement in image acquisition devices, image processing techniques, 

and image analysis tools, imaging can be the foundation for a sophisticated prediction 

system for PDAC.

In this study, we identified unique features in pre-diagnostic CT scans that are not 

appreciated by human eyes but are potentially predictive of PDAC and developed a classifier 

that performed PDAC prediction by automatically identifying pre-diagnostic scans when 

mixed with healthy control scans. The proposed model is highly stable, and results are 

satisfactory, encoring researchers to replicate the model for further validation on large 

dataset.

2. Study material

Using a highly specific inclusion/exclusion criterion, three types of contrast-enhanced 

abdominal CT scans were included in the study:

• Diagnostic: A CT scan of a patient with histopathologically confirmed PDAC 

and visible tumor on a CT scan. Patients with any type of pancreatectomy were 

excluded from this group.

• Pre-diagnostic: A CT scan from the same patient (as in the Diagnostic group), 

acquired between 6 months to 3 years prior to PDAC diagnosis, when no sign of 

PDAC or tumor was present.

• Healthy control: A contrast-enhanced abdominal CT scan of a different subject 

whose pancreas was healthy. The age and gender of each subject in the healthy 

control group and the year of their scan were matched to those of exactly 

one unique patient in the pre-diagnostic group to limit morphological and 

instrumentation variabilities, respectively. Healthy controls were not matched 

to patients by gender as studies show no proof of morphological differences 

between genders. All scans in pre-diagnostic and healthy control group were 

originally acquired for non-gastrointestinal disorders, fall, slip, or vehicle 

accident. However, the healthy control group did not develop PDAC in the next 3 

years. A pictorial description of the data structure is given in Fig. 1.

Two centers in Los Angeles, California including Cedars-Sinai Medical Center (CSMC) and 

Southern California Kaiser Permanente Medical Center (KPMC) provided eligible data for 

this study in accordance with the IRB as well as a material transfer agreement. Informed 

consent was waived as the study design is retrospective. All data was anonymized and 

securely transferred to the host department (CSMC) using SFTP (Secure File Transfer 
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Protocol). A total of 108 CT scans of 72 subjects were obtained at two centers with the 

following split:

• Internal dataset: consists of 66 contrast-enhanced abdominal CT scans (22 

healthy control, 22 pre-diagnostic, 22 diagnostic) from 44 subjects, obtained 

at CSMC. Of 66 scans, 58 (22 healthy control, 17 pre-diagnostic, 19 diagnostic) 

belong to the portal venous phase, whereas the other 8 scans belong to multiple 

CT phases including arterial, excretory, and interleaved phase. For PDAC 

diagnosis and early symptoms, portal venous phase is considered the most 

valuable phase as PDAC tumors consume contrast slowly and the portal venous 

phase optimizes viewing the margins of the tumor. Also, all vessels running 

through or adjacent to the pancreas as well as the pancreatic duct can be seen in 

this phase. During PDAC development, morphological changes to the pancreas 

may be observed in these vessels and thus can be regarded as PDAC predictors.

Nevertheless, the non-venous phases cannot be completely ignored as these 

offer unique value at times. For instance, the arterial phase efficiently evaluates 

arterial encasement and distortion of the arteries by the pancreatic tumor and is 

used for resection planning. Also, arterial enhancing lesions such as PNET (a 

potential PDAC predictor) are more commonly seen during the arterial phase. 

Thus, considering scans with non-venous phases provided the opportunity to 

identify highly generalizable predictors and to make the model robust.

• External set: consists of 42 contrast-enhanced abdominal CT scans (14 healthy 

control, 14 pre-diagnostic, 14 diagnostic) from 28 different subjects obtained 

at KPMC. All scans belong to the portal venous phase. This set was used to 

perform an external validation of the developed prediction model.

All scans obtained were of sufficiently high quality with a slice resolution of 512 by 512 in 

the x- and y-axis. The CT signal intensities in all scans were normalized to unity. Smoothing 

or interpolation of the original Hounsfield unit values or any other preprocessing was not 

performed on scans. A trained CSMC radiologist and a gastroenterologist, with extensive 

experience of examining abdominal scans, manually outlined the pancreas in each slice 

of all 108 CT scans with consensus. Any information derived from the radiology report 

was removed from the scans to avoid labeling biases. To minimize potential inter-reader 

variability, both readers first independently outlined the pancreas in all scans, then shared the 

labels with each other and re-assessed their initial labels. Any outlining disagreements were 

discussed and resolved. The labeling process does not include outlining the pancreatic tumor 

or other lesions in diagnostic scans. Labeling was performed using a commercially available 

software ITK-Snap [28] and exported as a DICOM dataset.

3. Methods

A model was developed to stratify individuals at high risk for PDAC by automatically 

identifying pre-diagnostic CT scans. A large number of features, potentially predictive of 

PDAC, were identified through radiomic analysis of scans of the internal dataset. The 

Naïve Bayes classifier was then trained using the identified predictors to perform automatic 

classification of CT scans into either healthy control or pre-diagnostic group. External 
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validation was performed using the external dataset. The identified predictors were observed 

to be highly stable when examined against scans of the external dataset. Method details are 

given in the following sections.

3.1. Extraction of Radiomic Features

Several thousand radiomic features were extracted from the outlined whole pancreas in 

all 66 scans of the discovery set, i.e., three sets of features were obtained– one for each 

of the healthy control, pre-diagnostic, and diagnostic scan groups. Each radiomic feature 

represented a unique CT image characteristic of the pancreas and was expressed as a 

single numerical value calculated using a standard pre-defined mathematical formula. For 

example, to extract the intensity of the pancreas, the mean grey level values of all voxels 

in the outlined boundary of the pancreas in all slices of a three-dimensional (volumetric) 

pancreatic CT scan were considered. Using different combinations of three parameters (Bin 
size, Kernel size, Angle), we extracted 4000 radiomic features from each of the 66 scans. 

For each feature, the whole pancreas was considered as a single region of interest.

Common types of features extracted included FOS (First Order Statistics), e.g., energy, 

entropy, and skewness, GLCM (Grey-level Co-occurrence Matrix statistics), e.g., second-

order statistics such as contrast, heterogeneity, cluster prominence, cluster tendency, and 

gaussian polar, and GLRLM (Grey Level Run Length Matrix statistics), e.g., long and 

short-run grey level emphasis, normalized grey level non-uniformity. Prior to extracting any 

feature, three significantly important radiomic parameters including Bin size (to discretize 

the CT image into equal bins), Kernel size (to specify the neighborhood around a voxel 

before calculating spatial relationships of voxel a with its neighboring voxels that lies within 

that fixed window) and Angle (to determine directions around a voxel for feature extraction 

within the fixed-size kernel window) were considered. Different combinations of Bin size, 

Kernel size, and Angle express variations in a radiomic feature. Therefore, the overall 

analysis was greatly influenced by those three values. For example, the major issue to ensure 

consistent results was to avoid contrast variation among all CT scans acquired from different 

scanners. Discretization of CT scans transferred the continuous values of voxels into discrete 

counter parts to avoid considering a voxel value, for instance, 123 any different from 124 

since the difference is probably attributable to noise and does not hold any information 

regarding spatial heterogeneity.

3.2. Identification of potential PDAC predictors

A two-step statistical analysis was performed on the obtained three feature sets to identify 

potentially predictive feature as follows:

1. The statistical Student’s t-test was performed on the extracted radiomic features 

to identify those that are significantly different between the healthy and pre-

diagnostic groups. About 4.5% of the total number of extracted radiomic features 

showed significance at a p-value of 0.05.

2. During progression towards PDAC development, any feature that shows 

incremental or decremental trends can be highly predictive. For example, it is 

observed that texture heterogeneity of the pancreas on CT increases as we go 
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from healthy control to pre-diagnostic and diagnostic. Therefore, the identified 

significant features were further filtered to those having mean values either 

kept increasing or decreasing in the order of heathy control, pre-diagnostic and 

diagnostic group.

3.3. Stratification of high-risk individuals for PDAC

The PDAC prediction modeling was expressed as a binary classification problem where 

a pancreas, based on its CT features, can be categorized into either healthy control or 

pre-diagnostic group. Given that the purpose of the prediction model is to distinguish 

between healthy control and pre-diagnostic scans, the reason for including diagnostic scans 

into the predictors’ selection phase was to help identify highly stable features. Training the 

classifier with such features will assist in avoiding situations when a scan with developed 

PDAC is misclassified as healthy control or when the duration between a pre-diagnostic and 

a diagnostic scan is different than those obtained for the current study.

To train the classifier, the Recursive Feature Elimination (RFE) [29–30] method was used 

in conjunction with Naïve Bayes (NB) classifier to eliminate the weak features (predictors) 

from all the features, identified in the two-step analysis, during the classifier training and 

compared with the overall training accuracies achieved by the classifier using different 

combinations of features. We fixed the number of features selected by the classifier up 

to a maximum of 5 to avoid overfitting of the model while maximizing the classification 

accuracy. The RFE-NB identified five radiomic features (Long-run low grey-level emphasis, 

Inverse cluster shade, Inverse cluster prominence, Inverse cluster tendency, Short-run low 

grey-level emphasis) which the classifier used to produce the highest classification accuracy 

on the training set. All five features show an incremental trend.

4. Results and discussion

4.1. Model evaluation

The identification of PDAC predictors through radiomic analysis validated our primary 

hypothesis about the presence of precursor indicators in CT scans prior to PDAC 

development.

The developed classifier was validated on all the scans of the external set in two steps. In 

the first step, all 42 scans of the external set were examined if these demonstrate incremental 

trends for all five selected features. All five features were observed to be increasing in the 

order of healthy control, pre-diagnostic and diagnostic group, justifying that the selected 

features for PDAC prediction are highly stable.

Secondly, the classifier was tested using 28 scans (14 healthy control, 14 pre-diagnostic) 

of the external set. Using the selected predictors, the classifier automatically classified 28 

scans into their respective groups with the mean classification accuracy of achieved are 

86% (24/28), whereas the classification accuracy is the number of successfully classified 

scans to the total number of scans used for testing. The confusion matrix for validation is 

given in Table 1. Despite the limited amount of data for training, the performance of the 

system remained consistent during validation and produced highly satisfactory results. The 
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study findings and the results of the proposed classifier are promising and justify proof 

of concept–encouraging researchers to replicate and validate the proposed model on larger 

datasets.

4.2. Data structure for study

The foundation of this project lies in the unique data structure, which allows us to 

retrospectively examine the imaging features in pre-diagnostic images. With the certainty 

that at least 50% of the enrolled subjects developed PDAC after pre-diagnostic imaging, a 

relatively small number of cases was sufficient to develop the prediction model. The lack of 

specific and well-established pre-cancerous indicators for PDAC leads to the unavailability 

of scans, explicitly performed for pancreas-related issues before PDAC developed. Thus, 

we proposed to obtain pre-diagnostic scans by searching through patients’ records with 

established PDAC, followed by finding scans of the same patients, originally obtained for 

non-pancreatic issues at least 3–6 months prior to PDAC development and consider them 

as pre-diagnostic scans. To our knowledge, the proposed data structure has not been used 

previously for any PDAC prediction model.

4.3. Study Contribution

According to the Centers for Disease Control and Prevention (CDC), abdominal pain is 

the single most common reason that American patients visit the emergency room (ER), 

accounting for 7 million visits per year. The current standard of care protocol indicates 

that patients experiencing abdominal pain undergo a CT scan. Even though most scans 

don’t show any signs of cancer was diagnosed by the radiologists, some subjects eventually 

develop PDAC in the next few years. These pre-diagnostic CT images provide critical 

morphological information associated with precancerous or early cancer biological changes 

which can be extracted using AI to predict PDAC risk. The main challenge of exploring 

AI-based methods for the advancement of pancreatic cancer research is the scarcity of 

data due to cancer’s low prevalence. This retrospective study allowed us to examine the 

quantitative image feature differences between pre-diagnostic and healthy control CT scans 

to overcome the low prevalence and low cancer yield limitation in prospective studies as half 

of the subjects have cancer.

Supported by all this evidence, the current study design guarantees the correct choice and 

right combination of imaging modality, feature extraction, analysis methods, and modeling 

algorithm for the best possible approach to address the prediction issues and ultimately 

increases the ratio of PDAC diagnosis at early stages. To the best of our knowledge, it is 

the first time CT-based predictors of PDAC were discovered that express irregularities at 

the tissue microlevel of the pancreas and used in an automated system to efficiently predict 

PDAC.

4.4. Limitations and future work

Although the data repositories of both CSMC and KPMC were explored exhaustively, the 

amount of eligible data found was low as the pre-diagnostic scans are rarely available. 

Analysis on a limited dataset might suffer an overfitting problem. However, the purpose of 

the current study was to have proof of the concept and to encourage researchers to establish 
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a large dataset with a collaboration for extensive training and validation of the model. A 

large dataset will also allow performing a biological interpretation of predictors and forming 

their correlation with genetic heterogeneity. A rigorous model can be a supporting tool in 

prospective studies and will help to increase the rate of diagnosis at an early stage.
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Figure 1: 
Proposed design of the data for the study. Each case in the dataset consists of three types 

of abdominal CT scans: Healthy control, Pre-diagnostic, and Diagnostic. The Pre-diagnostic 

and Diagnostic scans were obtained from the same patient.
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Table 1:

Confusion matrix for classification of 28 CT scans of the external set consisting of 14 from each of Healthy 

control and Pre-diagnostic group. Numbers in the green blocks show true positives.

True Healthy True Pre-diagnostic

Predicted Healthy 13 3

Predicted Pre-diagnostic 1 11
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