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Abstract

BACKGROUND & AIMS: Our purpose was to detect pancreatic ductal adenocarcinoma (PDAC) 

at the prediagnostic stage (3–36 months before clinical diagnosis) using radiomics-based machine-

learning (ML) models, and to compare performance against radiologists in a case-control study.

METHODS: Volumetric pancreas segmentation was performed on prediagnostic computed 

tomography scans (CTs) (median interval between CT and PDAC diagnosis: 398 days) of 155 

patients and an age-matched cohort of 265 subjects with normal pancreas. A total of 88 first-

order and gray-level radiomic features were extracted and 34 features were selected through 

the least absolute shrinkage and selection operator–based feature selection method. The dataset 

was randomly divided into training (292 CTs: 110 prediagnostic and 182 controls) and test 

subsets (128 CTs: 45 prediagnostic and 83 controls). Four ML classifiers, k-nearest neighbor 

(KNN), support vector machine (SVM), random forest (RM), and extreme gradient boosting 

(XGBoost), were evaluated. Specificity of model with highest accuracy was further validated on 

an independent internal dataset (n = 176) and the public National Institutes of Health dataset (n = 

80). Two radiologists (R4 and R5) independently evaluated the pancreas on a 5-point diagnostic 

scale.

RESULTS: Median (range) time between prediagnostic CTs of the test subset and PDAC 

diagnosis was 386 (97–1092) days. SVM had the highest sensitivity (mean; 95% confidence 

interval) (95.5; 85.5–100.0), specificity (90.3; 84.3–91.5), F1-score (89.5; 82.3–91.7), area under 

the curve (AUC) (0.98; 0.94–0.98), and accuracy (92.2%; 86.7–93.7) for classification of CTs into 

prediagnostic versus normal. All 3 other ML models, KNN, RF, and XGBoost, had comparable 

AUCs (0.95, 0.95, and 0.96, respectively). The high specificity of SVM was generalizable to both 

the independent internal (92.6%) and the National Institutes of Health dataset (96.2%). In contrast, 

interreader radiologist agreement was only fair (Cohen’s kappa 0.3) and their mean AUC (0.66; 

0.46–0.86) was lower than each of the 4 ML models (AUCs: 0.95–0.98) (P < .001). Radiologists 

also recorded false positive indirect findings of PDAC in control subjects (n = 83) (7% R4, 18% 

R5).

CONCLUSIONS: Radiomics-based ML models can detect PDAC from normal pancreas when 

it is beyond human interrogation capability at a substantial lead time before clinical diagnosis. 

Prospective validation and integration of such models with complementary fluid-based biomarkers 

has the potential for PDAC detection at a stage when surgical cure is a possibility.

Graphical Abstract
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Pancreatic ductal adenocarcinoma (PDAC) is the third leading cause of cancer-related deaths 

in the United States. In fact, PDAC is an almost uniformly fatal disease, with the number of 

deaths almost equal to the incidence. Despite its overall grim prognosis, there are substantial 

differences in survival of patients with stage I vs stage IV disease (median disease-specific 

survival: 26 vs 4.8-months, respectively).1 These differences highlight the urgent unmet 

need for early detection of PDAC to improve outcomes. Early detection offers survival 

benefit beyond lead time, as tumors are smaller in volume and more likely to be resectable 

when detected earlier.2-4 Second, early detection before the decline in performance status 

from cancer-induced cachexia increases the prospect of surgical resection in eligible 

patients.2,5

Recently, cohorts at sufficiently high risk of PDAC to experience a potential net benefit from 

screening have been identified. One such cohort is subjects with new-onset diabetes and a 

high score (≥3) on the Enriching New-Onset Diabetes for Pancreatic Cancer (END-PAC) 

model.4 A computed tomography (CT) scan performed at the onset of new-onset diabetes in 

such a high-risk group has the potential to increase the proportion of resectable PDACs to 

3 times higher than the current resectability rate.2 A risk-based screening strategy using CT 

in such cohorts has societal economic value across a range of analyses.1 A large prospective 

trial, the Early Detection Initiative (EDI) (NCT04662879), sponsored by the Pancreatic 

Cancer Action Network, is under way to evaluate outcomes of a screening strategy in 

12,500 participants by using the END-PAC model and CT.6 These exciting developments 

underscore the necessity for simultaneous investigations into novel imaging approaches for 

detection of PDAC at a time when the disease is potentially curable.

In patients with PDAC, subtle indirect findings suggestive of cancer (eg, pancreatic duct 

cutoff or dilatation, focal pancreatic atrophy) can be present on CTs at the prediagnostic 

stage (ie, 3–36 months before clinical diagnosis).2,7,8 However, these findings are often 

overlooked in clinical practice, leading to delayed diagnosis.9,10 Second, these findings are 

not specific for early PDAC because they are also seen in control subjects.2,11 Importantly, 

the pancreas tends to be morphologically normal on CT at prediagnostic stage in many 

patients. This is a major challenge because the cancer can rapidly advance from being 
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subclinical on imaging to stage IV.2,11 Thus, there is a critical need for novel methods such 

as artificial intelligence (AI) for detection of PDAC at a stage when the cancer is subclinical. 

We hypothesized that the subclinical pancreatic changes at the prediagnostic stage of PDAC 

can be detected through advanced computational techniques such as radiomics. Radiomics 

entails extraction and quantification of high-throughput imaging biomarkers that are beyond 

human perceptible range. These biomarkers are combined with various machine-learning 

(ML) techniques to identify imaging signatures of subtle yet complex tissue changes for a 

range of clinical applications.12-15 Our purpose was to detect PDAC at the prediagnostic 

stage using radiomics-based ML models, and to compare the performance of such ML 

models against radiologists in a case-control study.

Materials and Methods

Study Participants

This Health Insurance Portability and Accountability Act–compliant, case-control 

retrospective study was approved by our institutional review board, which waived the 

requirement for written informed consent.

Patients with prediagnostic CTs. Using our electronic medical record, patients 

diagnosed with biopsy-proven PDAC between January 2006 and December 2020 (n = 

3000) were identified. The radiology records of these patients were searched to select 

prediagnostic contrast-enhanced CT abdomen studies, which were defined as incidental CT 

scans performed for unrelated indications between 3 and 36 months before PDAC diagnosis 

(n = 581). In patients who had more than 1 prediagnostic CT, the CT temporally closest 

to the date of PDAC diagnosis was selected. The curation process led to a dataset of 155 

prediagnostic CTs (90 men, 65 women; median [range] age: 69 [34–88] years) (Figure 1). 

Of these, 49 CTs (31.6%) had been performed at our institution, whereas the other 106 

(68.4%) CTs were performed at other institutions. The median (range) time interval between 

prediagnostic CTs and histopathological diagnosis of PDAC was 398 (93–1092) days.

The median (range) CT slice thickness was 3 (0.5–5) mm. CTs were acquired on CT 

systems from 4 different vendors (81 Siemens, Munich, Germany [52.3%]; 41 GE, 

Boston, MA [26.4%]; 25 Toshiba, Tokyo, Japan [16.1%]; and 8 Philips, Amsterdam, The 

Netherlands [5.2%]). All these CTs had been previously interpreted to be negative for 

PDAC during routine clinical interpretation at our institution. Each CT was rereviewed by 

1 of 3 radiologists (R1, R2, R3 with 2–4 years of post-radiology residency experience) 

who confirmed optimal image quality (eg, lack of motion artifacts compromising visual 

interpretation), portal venous phase of enhancement, absence of pancreatitis, focal solid or 

cystic lesion, and biliary or pancreatic duct stent (Figure 2). In addition, radiologists in 

consensus evaluated each prediagnostic CT for any indirect or secondary imaging signs 

of early PDAC, such as focal contour abnormality or attenuation difference, biliary or 

pancreatic duct dilatation or cutoff, and focal parenchymal atrophy.

Control subjects with normal pancreas. We created an age-matched control cohort 

of CTs with normal pancreas, which was randomly drawn using our Radiology Information 

System. From this cohort, we selected an age-matched set of control patients (n = 265) 
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(140 men, 125 women; median [range] age: 67 [30–89] years) who were not diagnosed 

subsequently with PDAC during 3 years or more of follow-up (Figure 1). Of these, 87 CTs 

(32.8%) were from our institution, whereas the other 178 (67.2%) CTs were from other 

institutions. Median (range) CT slice thickness was 2 (0.5–3) mm. CTs had been performed 

on CT systems from 3 different vendors (219 Siemens [82.6%], 19 GE [7.2%], 27 Toshiba 

[10.2%]). These control CTs were also curated by radiologists to confirm optimal image 

quality, portal venous phase, and normal pancreas morphology. Of the 265 control subjects, 

178 (67.2%) were outpatients, 81 (30.6%) were from the emergency department, and 6 

(2.2%) were in-patients at the time that their CTs had been acquired.

The preceding dataset of prediagnostic CTs (n = 155) and age-matched control CTs with 

normal pancreas (n = 265) was randomly divided into training-validation (n = 292) and 

test (n = 128) subsets using a 70% / 30% split for ML model development and testing. 

For external validation of the model with highest accuracy, we stratified our test subset 

according to the institution where CTs had been done: 45 (35.2%) were from our institution 

(17 [37.8%] prediagnostic CTs and 28 [62.2%] control CTs), whereas 83 (64.8%) were from 

external institutions (28 [33.7%] prediagnostic CTs and 55 [66.3%] control CTs).

Independent internal validation of specificity. For additional independent validation 

of the specificity, we created another internal hold-out set of 176 CTs (68 men, 108 women; 

median [range] age: 45 [19–94] years) who had normal pancreas and did not develop PDAC 

during at least 3 years or more of follow-up. Of these, 68 CTs (38.6%) were performed 

our institution, whereas the other 108 (61.4%) CTs had been performed at other institutions. 

Median (range) CT slice thickness was 3 (0.6–5) mm and the CTs had been acquired on 

CT systems from 3 different vendors (167 Siemens [94.9%], 8 GE [4.5%], and 1 Toshiba 

[0.6%]). These CTs were used to validate the specificity of the ML model that had highest 

area under the curve (AUC) on the test subset.

External validation of specificity. There is no public dataset of prediagnostic CTs. 

Therefore, to externally validate its specificity, the classifier with the highest AUC on the 

internal test subset was tested on the National Institutes of Health-Pancreas CT (NIH-PCT) 

dataset. This public dataset consists of 80 abdomen CTs acquired in portal venous (53 men, 

27 women; mean [standard deviation (SD)] age: 46.8 [16.7] years) from healthy subjects 

without pancreas pathology.16 All CTs have morphologically normal pancreas. The CTs had 

been acquired from 2 different vendors (Siemens and Philips) with slice thickness range 

of 1.5 to 2.5 mm. The public dataset includes pancreas segmentation masks, which we 

reviewed to ensure the accuracy of segmentation boundaries. The ML classifier was tested 

on this dataset by measuring the proportion of CTs that it correctly classified as normal (ie, 

specificity).

Volumetric Pancreas Segmentation

Standard acquisition and reconstruction parameters as per our previously published 

protocols17 had been followed for all CTs performed at our institution. All CT studies were 

downloaded and de-identified by anonymization of Digital Imaging and Communication 

in Medicine (DICOM) tags using Clinical Trial Processor.18 Metadata elements such 
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as scanner vendor and CT slice thickness were extracted from DICOM headers. These 

anonymized CTs were then converted into the Neuroimaging Informatics Technology 

Initiative (NIfTI) format. The radiologists performed volumetric pancreas segmentations 

using the boundary-points based segmentation mode of the organ segmentation module 

(NVIDIA) in 3D Slicer (Version 4.11.20210226) as previously described.17 Any tissue 

with Hounsfield Unit (HU) less than 0 was eliminated by using the “logical operators” 

tool in 3D Slicer to eliminate the peripancreatic fat from the segmentation mask. Pancreas 

volumes were extracted from the volumetric segmentations and were compared between the 

prediagnostic and the control CTs.

Feature Extraction and Reduction

Radiomic analyses were performed with software written in Python (version 3.8.5; Python 

Software Foundation, Wilmington, DE) and leveraging the PyRadiomics library (version 

3.0.1).19 Images were pre-processed with a modified soft tissue CT window (level 50 HU, 

width 500 HU) and a bin width of 25. Intensity of the images was rescaled to the range 

of 0 to 255. A total of 88 radiomics features were extracted from each segmentation mask, 

which included 18 first-order and 70 texture features. The latter included 24 gray-level 

cooccurrence matrices (GLCMs), 16 gray-level run length matrices (GLRLMs), 16 gray-

level size zone matrices (GLSZMs), and 14 gray-level dependence matrices (GLDMs). All 

features were normalized using a z-score normalization.

Feature selection was done with least absolute shrinkage and selection operator (LASSO)20 

logistic regression, which is an L1-regularization–based method that penalizes the L1-

norm of the feature weight coefficients. Therefore, it reduces the model’s complexity by 

eliminating some of the coefficients (ie, coefficients become zero) and the corresponding 

features to minimize overfitting and improve generalization. Hyperparameter for LASSO 

was evaluated using stratified 5-fold cross-validation–based grid search method on the 

training set (n = 292). The parameter that provided the highest cross-validation AUC was 

selected.

Exclusion of CT Slice Thickness Dependent Radiomics Features

To reduce the potentially confounding effect of slice thickness on the ML models, we used 

a recently described process21 to identify and then account for potential dependence of 

the extracted features on slice thickness: First, all CTs were divided into 2 groups: slice 

thickness ≥3 mm and slice thickness <3 mm. The selection of 3 mm as a cutoff was based on 

the current clinical practice at our institution. Second, AUC was calculated for each feature 

identified through the LASSO selection process based on the slice thickness group labels. 

The AUC provided a goodness-of-fit measure of a given feature with the binary outcome 

(groups of slice thickness ≥3 mm and <3 mm). Features with a high AUC (> 0.8) were 

deemed to be biased by CT slice thickness and were, therefore, removed.

Model Development and Testing

After feature selection through LASSO and exclusion of CT slice thickness dependent 

features, 4 independent ML classifiers based on k-nearest neighbor (KNN), support vector 

machine (SVM), random forest (RF), and extreme gradient boosting (XGBoost) were 
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trained. A 5-fold stratified cross-validation–based randomized search was applied to evaluate 

each model’s hyperparameters. The parameters that yielded the highest cross-validation 

AUC were selected for each classifier model. Each classifier model was evaluated on the 

CTs in the test subset (n = 128). As mentioned previously, external validation of the 

model with highest accuracy was performed by stratifying the test subset according to the 

institution (35.2% CTs from our institution and 64.8% CTs from external institutions). Its 

specificity was also evaluated on an independent internal validation set (n = 176) and on 

the public NIH-PCT dataset (n = 80) with normal pancreas. All the incorrectly classified 

CTs were reviewed in consensus by R1, R2, and R3 to identify any potential causes for 

misclassification. Feature selection process and the 3 ML models (KNN, SVM, and RF) 

were implemented using scikit-learn library (version 0.24.2). A scikit-learn–compatible 

Python-based package was used for the XGBoost model.22

Finally, to identify features that had the highest influence on the sensitivity of the best 

performing model, we used an ablation-type methodology. In this approach, 1 feature was 

removed from the selected set of features and sensitivity of the model without this feature 

was compared against the model’s sensitivity with all the features. This procedure was 

repeated for each feature to identify those features whose removal resulted in the highest 

drop in the model’s sensitivity.

Multireader Evaluation of the Test Subset

Two radiologist readers (R4 with 9 years and R5 with 3 years of post-residency experience) 

who were blinded to the outcomes and the distribution of prediagnostic vs control CTs 

independently evaluated the pancreas in the test subset CTs. Interpretation was performed 

under identical ambient conditions with calibrated DICOM–compliant monitors at a PACS 

workstation (Visage Imaging, San Diego, CA). Each reader independently rated their 

assessment of the pancreas on a 5-point scale: 1, definitely normal; 2, probably normal; 

3, equivocal; 4, probably abnormal; and 5, definitely abnormal. For CTs with score 4 

or 5, readers recorded the imaging findings that supported the score. The classification 

performance of the 2 readers (R4 and R5) was compared against the radiomics-based ML 

models. In addition, the imaging findings noted by the 2 readers (R4 and R5) to support 

assignment of score 4 or 5 to a prediagnostic CT were compared one-on-one with the 

imaging findings documented by the 3 radiologists (R1, R2, R3). Any findings missed by the 

2 readers (R4 and R5) on the prediagnostic CTs were also noted.

Statistical Analyses

Statistical analyses were performed with R (version 4.0.4) and with Python software using 

the scikit-learn library. Fisher exact test and Mann-Whitney U test were used to compare 

categorical and continuous variables, respectively. The performance of classifier models 

on the test subset was evaluated by the mean and 95% confidence intervals (CIs) of the 

accuracy, sensitivity/recall, specificity, and precision based on a case probability cutoff value 

of 0.5, as well as the F-score metric and AUC. Accuracy measured the model’s performance 

in classifying the CTs as prediagnostic for PDAC or normal control pancreas. Sensitivity 

and specificity measured the proportion of prediagnostic and control CTs that were correctly 

classified, respectively. Precision was the fraction of true positive instances among the total 
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positive instances. The F-score measured the model’s accuracy and was the harmonic mean 

of precision and recall. A DeLong’s test23 was performed to compare AUCs of different 

ML models. Performance of the ML model with the highest AUC was subanalyzed by 

stratifying the test subset according to different CT vendors and the 2 groups of slice 

thickness (≥3 mm and <3 mm). Interreader agreement of the 2 radiologist readers (R4 and 

R5) was evaluated with weighted Cohen’s kappa value. To account for the interobserver 

variability, we used statistical method for multireader multicase (MRMC) receiver operating 

characteristics studies24 to compare the readers’ AUCs against the models’ AUCs with 

adjustments for clustered data. MRMC analysis was completed using the RJafroc package 

in R. The analysis used an adaptation of the single-treatment multiple-reader Obuchowski 

Rockette analysis of variance model described by Hillis.25 Both readers and cases were 

treated as random effects. For the MRMC analysis, the ML model was considered as reader 

1, and R4 and R5 were considered as reader 2 and 3, respectively. The test subset CTs 

were considered as cases. We constructed 95% CIs for the difference in AUCs for each 

comparison. P values smaller than .05 indicated statistical significance.

Results

Patient Characteristics

The demographic characteristics were comparable between patients with prediagnostic CTs 

and the control subjects with normal pancreas (Table 1). The median (range) time interval 

between prediagnostic CTs and histopathological diagnosis of PDAC was 398 (93–1092) 

days in the entire dataset (n = 155) and 386 (97–1092) days in the test subset (n = 45). The 

location of PDAC on subsequent diagnostic CTs was in the head (n = 107; 69%), body (n = 

22; 14.2%), and tail (n = 26; 16.8%) of the pancreas.

Based on the consensus review of 3 radiologists (R1, R2, R3), most CTs in the prediagnostic 

cohort had normal pancreas (n = 89, 57.4%). The remaining CTs had the following 

indirect imaging findings: subtle biliary or pancreatic duct dilatation (n = 24, 15.5%), focal 

attenuation differences (n = 24, 15.5%), focal contour abnormality (n = 10, 6.4%), regional 

pancreatic parenchymal atrophy (n = 2, 1.3 %), or 2 or more of these findings (n = 6, 3.9%). 

In the test subset of prediagnostic CTs, the majority of the pancreas were also normal (n 

= 25, 55.6%). Other CTs had indirect imaging findings such as subtle biliary or pancreatic 

duct dilatation (n = 7, 15.6 %), focal attenuation differences (n = 4, 8.9 %), focal contour 

abnormality (n = 4, 8.9 %), or 2 or more of these findings (n = 5, 11%).

The mean (SD) volume of pancreas in the prediagnostic CTs was 89.4 (40.9) mL, which 

was higher compared with the pancreas volume (75.7 [26.1] mL) (P = .10) in control CTs. 

For the test subset CTs from our institution, the mean (SD) pancreas volume for control and 

prediagnostic cohorts was 73.4 (21.2) mL and 79.7 (32.8) mL (P = .8), respectively. For the 

test subset CTs from external institutions, the mean (SD) pancreas volume for control and 

prediagnostic cohorts was 76.9 (28.2) mL and 95.2 (44.1) mL (P = .06), respectively. The 

mean (SD) pancreas volume was 81.0 (23.4) mL and 68.7 (17.5) mL for the independent 

176 controls and NIH-PCT datasets respectively.
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Radiomics-based ML Models

A total of 88 features were extracted from each of the pancreas segmentation masks from 

the prediagnostic and control CTs (Supplementary Table 1). Application of LASSO-based 

feature selection method resulted in 34 features (7 first-order and 27 gray-level features) 

(Supplementary Figure 1). Of these, gray-level run length matrices run length nonuniformity 

(AUC = 0.87) and first-order energy (AUC = 0.86) were biased by CT slice thickness based 

on their AUCs >0.8 and were, therefore, removed. Subsequently, 32 features were used to 

construct the 4 optimized ML classifiers, which were evaluated on the test subset.

The SVM model had the highest AUC (0.98; 95% CI, 0.94–0.98) on the test subset (Table 2, 

Figure 3, Supplementary Figure 2). It correctly classified 43 of 45 (95%) prediagnostic CTs 

and 75 of 83 (90.3%) control CTs, yielding an overall accuracy of 92.2%. A review of the 10 

CTs misclassified by the SVM model by the 3 nonreader radiologists (R1, R2, and R3) did 

not identify a structural aberration in the pancreas to explain the cause of misclassification. 

Further, there was no statistically significant difference in accuracy of SVM model when 

the cases in the test subset were stratified by different vendors (Siemens, Toshiba, GE, and 

Philips were 92.7%, 92.1%, 88.2%, and 100%, respectively; P = .30). The performance of 

the SVM model for CTs with slice thicknesses ≥3 mm was higher compared with CTs with 

<3-mm slice thickness (98.4% and 85.7%, respectively; P = .02) (Supplementary Table 2). 

Because the SVM model had the highest AUC, it was the reference standard for comparison 

of AUC of other models. Other 3 models (KNN, RF, and XGB) had comparable AUCs 

(0.95, 0.95, and 0.96, respectively) to SVM (0.98) (Table 2). The selected hyperparameters 

for each individual model are listed in Supplementary Table 3.

Because the SVM model had the highest AUC on the test subset, it was externally validated 

by stratifying the test subset (n = 128) according to institution (35.2% CTs from our 

institution vs 64.8% from external institutions). Of the 45 CTs from our institution, the 

model correctly classified 16 of 17 (94%) prediagnostic CTs and 27 of 28 (96%) control 

CTs, yielding an overall accuracy of 95%. Of the 83 CTs from external institutions, the 

model correctly classified 27 of 28 (96%) prediagnostic CTs and 48 of 55 (87%) control 

CTs, yielding an overall accuracy of 90.4% (Table 3). Further, of the 176 CTs of healthy 

subjects from the independent internal set, the SVM model correctly classified the pancreas 

as normal in 163 CTs, yielding a specificity of 93%. The specificity was also generalizable 

on the public NIH-PCT dataset (n = 80) where the SVM model correctly classified the 

pancreas as normal in 77 CTs, yielding a specificity of 96%.

Finally, the ablation-based methodology demonstrated that the top 3 features with the 

highest influence on the SVM model’s sensitivity were GLSZM high gray-level zone 

emphasis (HGLZE), GLDM dependence entropy, and GLCM difference variance. The 

sensitivity of the SVM model without these features was 92%, 92%, and 93%, respectively, 

vs 95% with all the 32 features.

Multireader Evaluation of the Test Subset

Evaluation by R4. On the prediagnostic CTs (n = 45), R4 rated 30 pancreas as normal 

(grades 1, 2, 3) and 15 pancreas as abnormal (grades 4, 5). Subtle biliary or pancreatic duct 
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dilatation was the finding commonly detected (n = 12 of 15, 80%). In contrast, the most 

missed finding was focal contour abnormality (n = 4 of 6; 66.7%). False positive biliary or 

pancreatic duct dilatation was noted in 1 patient. Of the control CTs with normal pancreas 

(n = 83), 77 were graded as normal and 6 as abnormal. Focal attenuation difference was the 

most common reported false positive finding (n = 4 of 6, 66.7%). Other findings included 

duct dilatation (n = 1) and duct dilation with hypodensity at the ampulla (n = 1).

Evaluation by R5. On the prediagnostic CTs (n = 45), R5 rated 31 pancreas as normal 

and 14 pancreas as abnormal. Subtle biliary or pancreatic duct dilatation was the finding 

commonly detected (n = 9 of 14, 64.3%). In contrast, the most missed finding was focal 

attenuation difference (n = 5 of 9; 55.5%). False positive focal attenuation difference was 

noted in 2 patients. In the control test subset (n = 83), 68 were graded as normal and 

15 as abnormal. Subtle biliary or pancreatic duct dilatation was the most common false 

positive finding (n = 5 of 15, 33.3%). Other false positive findings included focal attenuation 

difference (n = 3 of 15, 20%), focal hypodensity (n = 2 of 15, 13.3%), peripancreatic fat 

stranding (n = 1 of 15, 6.7%) or a combination of the preceding findings (n = 4 of 15, 

26.7%).

The strength of agreement between the 2 readers for pancreas assessment on the 5-point 

ordinal scale was only fair (weighted Cohen’s kappa = 0.3). Readers had modest sensitivity 

(R4: 33.3%, R5: 31.1%) and predictive values (PPV R4: 71.4%, R5: 48.3%; NPV R4: 

72.0%, R5: 68.7%) (Table 4). The mean classification AUC of the 2 readers was 0.66 (CI, 

0.46–0.86), which was significantly lower than each of the 4 ML classifiers (AUCs: 0.95–

0.98) (P < .001) (Figure 4).

Discussion

In our study, ML models based on first-order intensity and second-order texture features 

from volumetrically segmented normal pancreas detected the imaging signature of PDAC at 

a substantial lead time (median [range] 398 [93–1092] days) before its clinical diagnosis.

These models had high discrimination performance (AUC 0.98; CI, 0.94–0.98) for 

classification of pancreas into normal vs prediagnostic for PDAC. The performance was 

robust across different CT systems and slice thicknesses. The high AUC (0.97) of the SVM 

model on test subset CTs from our institution was identical to its AUC on the CTs from 

external institutions. Its high specificity was generalizable to an independent internal set 

as well to the external NIH-PCT dataset. In contrast, 2 radiologist readers demonstrated 

a significantly lower discrimination performance (AUC 0.66; CI, 0.46–0.86) and only fair 

interreader agreement (Cohen’s kappa = 0.3). Besides, the readers recorded false positive 

indirect findings of PDAC in control subjects with normal pancreas (n = 83) (7% R4, 18% 

R5). Thus, radiomics-based ML classifiers can detect the imaging signatures of early PDAC 

from morphologically normal pancreas. Integration of such ML approaches with blood or 

other fluid-based biomarker strategies of early PDAC detection26 could diagnose subclinical 

disease when surgical cure is possible. Finally, such models can be deployed to detect early 

cancer in ongoing clinical trials such as the Early Detection Initiative (NCT04662879).
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The 3 features that had highest influence on the SVM model’s sensitivity were GLSZM 

HGLZE, GLDM dependence entropy, and GLCM difference variance. Of these, GLSZM-

HGLZE and GLCM difference variance were also among the highest absolute weight-

coefficient features selected by LASSO. GLSZM-HGLZE is a regional texture feature that 

provides information about the proportion of high gray-level zones in a voxel. GLCM 

difference variance is a measure of heterogeneity between gray-level intensity pairs. These 2 

features capture the intrinsic spatial heterogeneity due to biological variations in tissues.27,28 

The other feature, GLDM dependence entropy, measures the degree of randomness or 

nonuniformity in an image. It had higher influence on the model’s sensitivity than the 

first-order interquartile range, which was the third-highest feature as per LASSO. First-

order features such as interquartile range do not take the spatial relationship between 

voxels into account and, therefore, unlike the second-order features, fail to capture the 

intrinsic tissue heterogeneity.29,30 These observations support the biologic insights from 

prior studies that the prediagnostic stage of PDAC is marked by substantial cellular activity 

and infiltration, which results in marked tissue heterogeneity.31 Our study suggests that 

this tissue heterogeneity is beyond the human perceptive ability but can be captured and 

leveraged for actionable insights through computational post-processing techniques such as 

radiomics.

The prediagnostic CT dataset used in this study is the largest reported in the literature. 

We combined radiomics feature selection and 4 well-established supervised ML techniques 

(KNN, SVM, RF, XGBoost) to identify the image-based biomarkers of the subclinical 

changes that preceded clinical diagnosis of PDAC. Further, we followed a recently 

described ablation study paradigm,21 that is, investigating factors sequentially, from feature 

redundancy to imaging parameters (ie, CT slice thickness), to exclude their effect on the 

final radiomics signature. For instance, CT slice thickness can variably influence radiomics 

signatures.32 Therefore, we tested and accounted for the impact of the slice thickness both 

at the stage of feature selection and subsequently through stratifying model performance as 

per slice thicknesses. Because our models have been developed on standard-of-care portal 

venous phase CTs, their performance is not contingent on any custom imaging protocol, and 

they can also process previously acquired CTs. Once validated, such radiomics-based ML 

models also non-invasively evaluate the longitudinal changes of pancreatic carcinogenesis 

that precede the clinical diagnosis of PDAC.

In one prior study,12 radiomics-based classifiers had high discrimination accuracy between 

CTs with PDAC at the diagnostic stage and healthy controls. The mean (SD) tumor size 

in that study was 4.1 (1.7) cm. In contrast, our cohort consists of CTs at the prediagnostic 

stage (ie, 3–36 months before tumor development). Importantly, none of these CTs had a 

focal mass and most of the CTs in the test subset had normal pancreas on visual inspection. 

Other prediagnostic CTs (n = 66, 41.8%) had indirect findings and the frequency of these 

findings is concordant with a recent study.11 Moreover, 20.4% of healthy subjects in that 

study also had indirect findings, which shows that indirect findings per se are not specific for 

early PDAC detection. Besides, evaluation of such indirect findings can be quite subjective, 

as evident from the low interreader agreement between the radiologist readers in our study. 

In fact, the observed reader performance could be an overestimate because the readers were 

exclusively focused on the pancreas. In clinical practice, assessment of the pancreas often 
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does not occur with the same degree of thoroughness, which is evident because inattentional 

blindness is one of the main factors responsible for missed PDAC on CTs.10

Further, we validated the high specificity of the SVM classifier on an independent set of 

CTs with normal pancreas as well as on the public NIH-CT dataset. One of the next steps 

is validation of these classifiers on external datasets that include both cases and controls. 

However, there are no public datasets of prediagnostic CTs, which is one major barrier for 

investigation of CT for early detection of PDAC. We are in the process of designing external 

validation studies through prediagnostic datasets from other institutions. In addition, the 

Imaging Working Group of the Alliance of Pancreatic Cancer Consortia (APaCC), a virtual 

network of researchers from multiple consortia, is addressing these challenges through the 

collection of relevant imaging datasets acquired during routine clinical practice.33 Finally, in 

our study, the volumetric pancreas segmentations were done by radiologists. Such manual 

segmentation is a time-consuming and cumbersome process.34 Recently, AI models for fully 

automated high-fidelity pancreas segmentation have been developed.35 Such models can 

automate and further extend the scalability of our radiomics-based ML approach.

Our study has limitations. The retrospective nature of the study is generally prone to 

selection bias. As with other radiomics studies, the precise pathologic correlates of the 

radiomic features that constitute the ML classifiers are not entirely known. We did not 

investigate the impact of differences in all the acquisition or post-processing parameters (eg, 

voxel width, bin width) on the classifiers, which will be the subject of the next phase of our 

ongoing investigation. Although we validated the high specificity of the SVM classifier on 

an independent internal cohort of control CTs as well as on the public NIH-PCT dataset, 

the sample size of these cohorts was small and the subjects in these cohorts were relatively 

younger. Thus, prospective larger cohorts with both cases and controls are warranted for 

further validation. Such prospective studies would also help determine the optimal operating 

point for the models to avoid a high false positive rate in the context of a screening 

paradigm.

In conclusion, we detected and quantified the imaging signature of early pancreatic 

carcinogenesis from volumetrically segmented normal pancreas on standard-of-care CTs. 

The radiomics-based ML classifiers had high discrimination accuracy for classification of 

pancreas into prediagnostic for PDAC vs normal. The high accuracy of the SVM model 

was validated on CTs from external institutions. Its high specificity was generalizable on 

an independent internal cohort and on an external public dataset. In contrast, radiologist 

readers had low interreader agreement, sensitivity, and discrimination accuracy, which shows 

that novel AI-based approaches can detect PDAC at a subclinical stage when it is beyond 

the scope of the human interrogation. Prospective validation of these ML models and their 

integration with complementary blood and other fluid-based biomarkers has the potential to 

further improve cancer prediction capabilities at the prediagnostic or symptom-free stage. 

Such models also have the potential to elucidate the longitudinal changes of carcinogenesis 

that precede the clinical diagnosis of PDAC. Finally, such models can be deployed to detect 

early cancer in ongoing clinical trials such as the Early Detection Initiative that seeks to 

evaluate outcomes of a screening strategy by using clinical risk-prediction models and CT in 

cohorts at high risk for PDAC.
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Abbreviations used in this paper:

AI artificial intelligence

AUC area under the curve

CI confidence interval

CT computed tomography

GLCM gray-level cooccurrence matrices

GLDM gray-level dependence matrices

GLSZMs gray-level size zone matrices

HGLZE high gray-level zone emphasis

KNN k-nearest neighbor

LASSO least absolute shrinkage and selection operator

ML machine learning

MRMC multireader multicase

NIH-PCT National Institutes of Health-Pancreas CT

PDAC pancreatic ductal adenocarcinoma

RF random forest

SD standard deviation
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SVM support vector machine

XGBoost extreme gradient boosting
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WHAT YOU NEED TO KNOW

BACKGROUND AND CONTEXT

Inability of imaging to detect early pancreatic ductal adenocarcinoma is a major barrier 

to improving outcomes, which necessitates novel methods for early pancreatic ductal 

adenocarcinoma detection at a stage when surgical cure is possible.

NEW FINDINGS

Artificial intelligence can detect subclinical cancer in normal pancreas at a substantial 

lead time (median 386 days) before clinical diagnosis even when it is beyond the scope of 

human perception.

LIMITATIONS

Although we validated the artificial intelligence approach on computed tomography scans 

from external institutions, prospective larger multicenter studies are warranted before 

potential clinical translation.

IMPACT

Artificial intelligence approaches can diagnose subclinical cancer at a stage when 

surgical cure is possible, as well elucidate the longitudinal changes of carcinogenesis 

that precede the clinical diagnosis of pancreatic ductal adenocarcinoma.
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Figure 1. 
Study design and structure of datasets.
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Figure 2. 
Prediagnostic and diagnostic CT: 75-year-old man with PDAC. Pancreas was normal on 

the prediagnostic CT (A and B). Approximately 2.5 years later, the patient presented with 

PDAC in the body with peritoneal carcinomatosis (C). Color-coded radiomics texture map 

overlaid on the prediagnostic CT (D) shows the distribution of gray-level size zone matrix-

small area emphasis (GLSZM-SAE) (measurement of fine gray-level texture) over a single 

slice of pancreas on the prediagnostic CT.
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Figure 3. 
Receiver operating characteristics of the 4 ML models on the test subset. KNN, k-nearest 

neighbor; RF, random forest; SVM, support vector machine; XGBoost, extreme gradient 

boosting.
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Figure 4. 
Receiver operating characteristics of the SVM model and the 2 radiologist readers on the test 

subset. R1: SVM model; R2, R3: two radiologist readers. FPF, false positive fraction or 1 – 

Specificity; TPF, true positive fraction or sensitivity.
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Table 4.
Performance of the Radiologist Readers on the Test Subset

Metric

Reader 4 Reader 5

Valuea (95% CI) Valuea (95% CI)

Sensitivity 33.3 (20.4–49.1) 31.1 (18.6–46.8)

Specificity 92.8 (84.4–97.0) 81.9 (71.6–89.2)

Positive predictive value 71.4 (47.7–87.8) 48.3 (29.9–67.1)

Negative predictive value 72.0 (62.3–80.1) 68.7 (58.5–77.4)

Accuracy 71.9 (63.1–79.3) 64.0 (55.1–72.2)

AUC 0.70 (0.62–0.78) 0.62 (0.52–0.71)

a
The values are represented in %.
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