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Purpose: To investigate the feasibility of enhanced computed tomography (CT) radiomics
analysis to differentiate between pancreatic cancer (PC) and chronic pancreatitis.

Methods and materials: The CT images of 151 PCs and 24 chronic pancreatitis were
retrospectively analyzed in the three-dimensional regions of interest on arterial phase (AP)
and venous phase (VP) and segmented by MITK software. A multivariable logistic regres-
sion model was established based on the selected radiomics features. The radiomics score
was calculated, and the nomogram was established. The discrimination of each model was
analyzed by the receiver operating characteristic curve (ROC). Decision curve analysis
(DCA) was used to evaluate clinical utility. The precision recall curve (PRC) was used to
evaluate whether the model is affected by data imbalance. The Delong test was adopted to
compare the diagnostic efficiency of each model.

Results: Significant differences were observed in the distribution of gender (P = 0.034),
carbohydrate antigen 19-9 (P < 0.001), and carcinoembryonic antigen (P < 0.001) in patients
with PC and chronic pancreatitis. The area under the ROC curve (AUC) value of AP
multivariate regression model, VP multivariate regression model, AP combined with VP
features model (Radiomics), clinical feature model, and radiomics combined with clinical
feature model (COMB) was 0.905, 0.941, 0.941, 0.822, and 0.980, respectively. The sensi-
tivity and specificity of the COMB model were 0.947 and 0.917, respectively. The results of
DCA showed that the COMB model exhibited net clinical benefits and PRC shows that
COMB model have good precision and recall (sensitivity).

Conclusion: The COMB model could be a potential tool to distinguish PC from chronic
pancreatitis and aid in clinical decisions.

Keywords: pancreatic cancer, chronic pancreatitis, radiomics, computed tomography,
differential diagnosis

Introduction

Pancreatic cancer (PC) is a highly malignant solid tumor with poor blood supply
and no envelope arising from the pancreatic duct cells. The lesion is mainly
composed of cancer cells, stromal astrocytes, and interstitial fibrosis and accounts
for 2% of all cancers and 5% of cancer-related deaths.! The rate of 5-year survival
is 2%-9%, and is mainly observed in males and older adults; approximately 90%
of the newly diagnosed patients are >55 years.® PC has an insidious onset and
atypical early symptoms and is often manifested as upper abdominal discomfort,
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back pain, indigestion, or diarrhea. Patients with symp-
toms, such as loss of appetite and weight loss, are mostly
in the middle and late stages of cancer. At present, the
current situation of PC treatment is severe.* Surgical resec-
tion is the only current option for a cure, but only 20% of
PCs are surgically resectable at the time of diagnosis.’
Mass-forming focal pancreatitis (FP) is a specific type of
chronic pancreatitis caused by prolonged inflammation,
the destruction of the pancreatic parenchyma, and the
proliferation of fibrous tissue.® In the early stage of the
disease, chronic pancreatitis often receives standardized
conservative medical treatment. Surgical indications
mainly include failure of conservative treatment com-
monly used in internal medicine, severe diseases,
uncontrollable pancreatitis, compression of adjacent tissue
structures, moderate and severe obstruction of biliary tract,
main pancreatic duct and duodenum, and pancreatic cancer
cannot be ruled out. Autoimmune pancreatitis (AIP) is also
a specific type of chronic pancreatitis. Type I focal AIP is
pathologically characterized by extensive infiltration of
lymphoplasma cells, striated fibrosis, and vasculitis
obliterans.” Thirty percent of AIP can be relieved by itself.
Symptomatic patients are recommended to receive hor-
mone induction therapy. The image performances of FP,
localized AIP, and PC are similar and difficult to distin-
guish; the treatment methods and prognosis of FP, AIP and
PC are different, the clinical misdiagnosis often leads to
unnecessary surgery.®

Therefore, improving the differential diagnostic ability
of FP can clinically localize AIP and PC. The gold stan-
dard for the diagnosis of PC and chronic pancreatitis is
histopathology and cytology, but most patients with PC
have already lost the opportunity for surgery when dis-
covered. Computed tomography (CT) is a critical exam-
ination method for pancreatic diseases, and radiomics
analysis of CT is a rising imaging technology. The high-
throughput extraction of medical image radiomics features
is applied to quantitatively analyze the distribution char-
acteristics of image pixels or voxel gray levels, provide
information that is not visible to the naked eye, and reflect
the pathological changes of the lesion. In addition, radio-
mics has been widely utilized in tumor detection, qualita-
tive diagnosis, differential diagnosis, and prognostic
analysis.”'® Several studies employed radiomics analysis
to differentiate solid pseudopapillary neoplasms of the
pancreas, neuroendocrine tumors, and PC, while some
studies applied radiomics to distinguish pancreatic serous

and mucinous cystadenoma and assess the pathological

grade of neuroendocrine tumor.'''* However, only a few
studies focused on the differential diagnosis of PC and
chronic pancreatitis. Thus, the present study aimed to
explore the feasibility of distinguishing PC and chronic
pancreatitis based on radiomics analysis of CT-enhanced
images.

Materials and Methods

Subjects

A total of 151 patients with PC and 24 patients with
chronic pancreatitis (18 patients with AIP and six cases
of mass pancreatitis) who were admitted to the Affiliated
Hospital of Hebei University, Tangshan Workers’
Hospital, and the Second Hospital of Hebei Medical
University from January 2018 to October 2020 were
included in this retrospective study. The study was con-
ducted in accordance with the Declaration of Helsinki and
approved by the hospital ethics review committee of
Affiliated Hospital of Hebei University, Tangshan
Workers’ Hospital, and the Second Hospital of Hebei
Medical
obtained from all participants.

University. Written informed consent was

Diagnostic Criteria

PC was diagnosed based on the clinical manifestations,
laboratory data, the first image examination before any
treatment (surgery, radiotherapy, chemotherapy), and
pathological characteristics of the patients.

Mass-forming FP was comprehensively diagnosed
based on clinical manifestations, laboratory examinations,
and the first image examination before any treatment (sur-
gery, radiotherapy, chemotherapy). After conservative
treatment, the lesion shrinks; the phenomenon is further
confirmed by surgery and pathology (after the first image
examination).

AIP: 1) IGg4 positive or antinuclear antibody-positive;
2) The imaging appearance was typical and consistent

with AIP.

Inclusion and Exclusion Criteria

The inclusion criteria for PC were that none of the patients
had received radiotherapy or chemotherapy before diag-
nosis or had a history of other malignant tumors. The
inclusion criteria for mass-forming FP and AIP were that
none of the patients had been treated before the first
examination. Exclusion criteria: 1) patients received other
treatments (surgery, radiotherapy, and chemotherapy)
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Figure | (A) ROI of the lesion. (B) VOI of the lesion.

before the first scan; 2) artifacts appeared in the image due
to patient movement and breathing and were involved in
the lesion; 3) CT examination before surgery or treatment
was imperfect and lacked complete CT-enhanced image.

Scanning Protocol

Abdominal CT examination of 175 patients was performed
using Discovery CT 750 HD (GE Healthcare, Milwaukee,
WI, USA), Revolution CT (GE Healthcare), and 64-slice
GE Optima CT660 spiral CT (GE Healthcare, Tokyo,
Japan). The scanning range was from the hepatic portal
to the lower edge of the kidney.

The parameters for Discovery CT 750 HD and
Revolution CT were as follows: tube voltage: 120 kV,
automatic mA modulation, pitch 0.984, and rack rotation
time 0.5 s/cycle. Layer thickness and layer spacing were
both 0.625 mm. An EZEM double-barreled high-pressure
syringe was used to inject the contrast agent loverol (320
mgl/mL) at the flow rate of 3.5 mL/s and dose 1 mL/kg.
The start time of the parenchymal phase scan was trig-
gered according to the CT value monitoring of the abdom-
inal aorta at the level of the celiac trunk (Smart Prep
Technology). The monitoring threshold was 100 HU.
After the threshold was reached, the scan started after
a delay of 28 s. The start time of the VP and the balance
phase was 30 s and 180 s after the end of the AP.

64-layer GE Optima CT660 spiral CT: tube voltage
80-120 kV, tube current 200—400 mA, pitch 0.984, frame
rotation time 0.8 s/cycle, collimator width 0.625x64 mm.
A Mallinckrodt double-barreled high-pressure syringe was
used to inject the contrast agent Iohexol (320 mgl/mL) at
the flow rate of 2.0-3.0 mL/s and dose 0.8—1 mL/kg. The
AP and PVP were 30 s, 90 s, and 180 s for delayed
scanning.

Image Post-Processing
The images of AP and VP of 151 cases of PC and 24 cases
of chronic pancreatitis were imported into MITK software

(version: v2021.02, https://www.mitk.org). Two diagnostic

physicians with >3 years of work experience indepen-
dently segmented the lesion and obtained the three-
dimensional (3D) volume region of interest (ROI) in all
images. The principles of ROI segmentation: 1) delineate
layer-by-layer to obtain the ROI volume of the lesion; 2)
avoid the blood vessels, pancreaticobiliary duct, and sur-
rounding normal tissues in the lesion; 3) 0—1 mm from the
inner side of the edge of the lesion (Figure 1A and B).

Feature Extraction, Selection and

Modeling

The DICOM images of AP or VP and the segmentation
images are imported into the PyRadiomics toolkit," fol-
lowed by voxel spacing normalization, Laplacian of
Gaussian, and wavelet filtration, and extraction of radiomics
features on the original and processed images. Subsequently,
a total of 1037 features were obtained in each of the AP and
VP, including 18 histogram features, 14 morphological fea-
tures, 24 gray-level co-occurrence matrices, 16 gray-level
run-length matrices, 16 gray-level area matrices, 14 gray-
level dependent matrices, and 5 neighbouring gray tone
difference matrices. The radiomics feature selection proce-
dure was as follows: 1) preserve features with good consis-
tence; 2) univariate Wilcoxon rank—sum test to retain P <
0.00005 (adjusted P value by Bonferroni method) features;
3) correlation analysis to remove the features with correla-
tion >0.9. If two variables have a high correlation, the mean
absolute correlation of each variable was obtained and the

variable with the largest mean absolute correlation was
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removed; 4) the least absolute shrinkage and selection
operator algorithm (LASSO) was used to select the most
significant features. LASSO is a method of logistic regres-
sion analysis that performs feature selection and regulariza-
tion to improve the prediction accuracy via penalized
estimation functions. This maximizes the AUC by tuning
parameter (A) selection and adopts 10-fold cross-validation
via minimum criteria. Simultaneously, most covariate coef-
ficients were shrunk to zero and the remaining variables
with non-zero coefficients were selected by Lasso. The
multivariable logistic regression model was constructed for
each phase. Moreover, a radiomics model with the final AP
and VP features was established and a clinical feature com-
bined with Radscore, which obtained from radiomics model
to construct COMB model. In order to facilitate clinical
verification,
established.

the nomogram of COMB model was

Statistical Analysis
All the statistical analysis was performed using R software
(version 3.6.3, https://www.rproject.org). Features with more

than 20% missing values are removed, and those with less
than 20% are filled with the median value. Reproducibility of
radiomics features was assessed with the intraclass correla-
tion coefficient (ICC) and ICC > 0.75 as good consistency.
The continuous variables were represented as median (Ql1,
Q3), and compared using the Wilcoxon rank-sum test. The
categorical variables were represented as frequency and com-
pared using the % test. The discrimination of each model was
analyzed by the area under ROC curve (AUC). The Delong
test was used to compare the discrimination performances of
differential models. The calibration curve and Hosmer—
Lemeshow (HL) test was used to evaluate the goodness-of-

fit of models. Due to the imbalance of data, the area under the
precision recall curve (PRC) is used to further evaluate the
effectiveness of the model. Decision curve analysis (DCA)
was conducted to evaluate the clinical usefulness by calculat-
ing the net benefits at different threshold probability. Two-
side P < 0.05 was considered statistically significant.

Results

Clinical Characteristics

A total of 151 patients with PC and 24 patients with chronic
pancreatitis (18 patients with AIP and six cases of mass
pancreatitis) were included in this retrospective study.
Statistically significant differences were found in gender,
CA19-9, and CEA in patients with PC and chronic pancrea-
titis between the two groups, but no significant difference
was observed in age distribution between the two groups (P
> 0.05). Among those with chronic pancreatitis, three
patients did not test for CA19-9, and five patients did not
test for CEA. Among patients with PC, 13 patients did not
test for CA19-9, and 13 did not test for CEA. The clinical
demographic characteristics are shown in Table 1.

Model Performance

For AP model, two features of A original glszm Small
and A waveletLLL firstor
der 10Percentile were reserved. For VP model, two features

ArealowGrayLevelEmphasis

of  V original glem SumAverage and V_wavelet.
LLL firstorder 10Percentile were selected. After AP and VP
features are combined, only VP features are retained after
features selection. The final radiomics features are the same
as the features of VP model, as shown in the violin chart
(Figure 2A). The radscore question as shown in Eq 1. The
radscore distribution for each patients is shown in Figure 2B.

Table | Comparison of Clinical Data of Patients with Pancreatic Cancer and Chronic Pancreatitis

Chronic Pancreatitis (N=24) Pancreatic Cancer (N=151) P-value
Sex 0.034*
Male 19 (79.2%) 85 (56.3%)
Female 5 (20.8%) 66 (43.7%)
Age 65.000 64.000 0.084°
Median (QI, Q3) (60.000, 70.000) (60.000, 70.000)
CAI199 (U/mL) <0.001°
N-Miss 3 13
Median (QI, Q3) 498.900 (92.000, 2746.500) 291.600 (46.360, 1982.500)
CEA (ng/mL) <0.001°
N-Miss 5 13
Median (QI, Q3) 7.490 (3.500, 31.975) 6.500 (2.900, 27.070)

Notes: *Pearson’s chi-squared test; ®Wilcoxon rank-sum test.
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Figure 2 (A) Radiomics scores of patients with PC and chronic pancreatitis (Rad-score). (B) Numerical values of radiomics characteristics of patients with PC and

pancreatitis.
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For the AP model, VP model, radiomics model, clin-
ical model, and COMB model, the AUC values were 0.905
(95% CI: 0.844-0.966), 0.941 (95% CI: 0.860-1.000),
0.941 (95% CI: 0.860-1.000), 0.822 (95% CI: 0.751-
0.893), and 0.980 (95% CI: 0.961-1.000), respectively.
The more discrimination performance of each model is
shown in Table 2 and ROC curve as illustrated in Figure 3.

The results of the Delong test showed that the AUC of
the COMB model was significantly higher than that of the
AP model (P = 0.004) and Clinical model (P < 0.001).
However, no significant statistical difference was detected
between the AUC of COMB model than VP or radiomics
models (Table 3).

The calibration curve of each model showed good
fitness (Figure 4A) with all HL test P > 0.05. The DCA
showed that the COMB model had a higher net clinical
benefit in threshold range of 0.297-0.883 (Figure 4B). The
PRC shows that the COMB model has the highest AUC
(0.997) with good precision of 0.96 and recall (sensitivity)

Table 2 Efficacy of Each Differential Diagnosis Model

0f 0.947 (Figure 4C). Then, the COMB model was used to
establish a nomogram (Figure 5) for clinical utility.

Discussion

FP, localized AIP, and PC exhibit similar imaging signs,
and hence, conventional imaging examination cannot
accurately distinguish between these cancers. In recent
years, radiomics has developed rapidly, and radiomics
analysis has become a hot spot in imaging research. It
has been proven that radiomics analysis is useful in dis-
tinguishing benign and malignant pancreatic tumors to
evaluate the tumor pathological grade and prognosis.'®'®
The accuracy of the radiomics model based on plain CT to
identify PC and FP was 93.3%.'° Zhang et al*” extracted
radiomics features of enhanced CT to distinguish between
PC and FP. The results showed that CT images combined
with radiomics features improve the diagnostic efficiency
significantly. Other studies showed that the diagnostic
efficiency of the radiomics model based on PET-CT
images to distinguish between PC and AIP is significantly
higher than that of the clinical prediction model.*'
Furthermore, the present study extracted CT-enhanced

images of the AP and VP and combined these with clinical

AUC

Accuracy

Sensitivity

Specificity

Clinical model

0.822 (0.751-0.893)

AP model 0.905 (0.844-0.966)
VP model 0.941 (0.860-1.000)
Radiomics model 0.941 (0.860-1.000)
COMB model 0.980 (0.961-1.000)

0.771 (0.702-0.831)
0.743 (0.671-0.806)
0.886 (0.829-0.929)
0.886 (0.829-0.929)
0.943 (0.897-0.972)

0.762 (0.505-0.835)
0.709(0.417-0.815)
0.874 (0.000-0.974)
0.874 (0.000-0.974)
0.947 (0.815-0.994)

0.833 (0.583-0.958)
0.958 (0.749-1.000)
0.958 (0.750-1.000)
0.958 (0.750-1.000)
0.917 (0.792-1.000)

Abbreviations: AP, arterial phase; VP, venous phase; COMB, combined.
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Figure 3 ROC curve of each diagnostic model.

Abbreviations: AP, arterial phase multivariate regression model; VP, venous phase
multivariate regression model; Radiomics, arterial phase combined with venous
phase omics model; Clinical, clinical feature model; COMB, radiomics combined
with clinical feature comprehensive model.

features to establish a COMB model, which could intui-
tively reflect the overall characteristics of the lesion, and
has high sensitivity (0.947, 95% CI: 0.815-0.994) and
specificity (0.917, 95% CI: 0.792-1.000). Next, the radio-
mics features were analyzed, and the features were
through the
Ultimately, the radiomics model is the same as the VP

selected feature selection procedure.
model. Herein, we established five models: AP multivari-
ate regression model, VP multivariate regression model,
AP combined with VP omics model, clinical feature
model, and radiomics combined with clinical feature com-
prehensive model. The results showed that the AUC
(0.980; 95% CI: 0.961-1.000) of the clinical feature com-
bined with the radiomics features comprehensive model

was significantly higher than that of the AP multivariate

regression model (P = 0.004) and the clinical feature
model (P < 0.001), and the differential diagnosis efficacy
was optimal. The AUC of the AP combined with the VP
radiomics model was consistent with the value of the VP
(0.941; 95% CI: 0.860-1.000).
Moreover, the AUC of the VP radiomics model was
greater than that of the AP group, and although the AUC
between the two comparisons was not statistically signifi-

radiomics model

cant, the sensitivity and accuracy of the model were higher
than those of the AP model, indicating that the diagnostic
performance of the VP image extraction was better than
that of the AP model. The radiomics feature reflects the
pathological changes of the lesion, the heterogeneity of
the image, and the diagnosis of the characteristics of the
lesion. The pathological characteristics of PC are mainly
cancer cells, interstitial astrocytes, and interstitial fibrosis.
The fibrosis produced by the interstitial reaction of the
lesion prevented the penetration of the contrast agent;
hence, PC appeared at a low density in each phase of the
enhanced scan. The pathological features of pancreatitis
were mainly inflammatory cell infiltration and fibrous
tissue hyperplasia. The degree of enhancement was simi-
lar to fibrous tissue, with mild enhancement in the AP and
delayed enhancement in the venous and delayed phases.>
Although both PC and FP were low density in AP, the
performance of the venous and the delayed phase was
helpful in distinguishing these cancers. Therefore, the
radiomics features of VP are more valuable for diagnosis
than the AP. Zhang et al*® analyzed the radiomics features
of PC and FP in plain CT, AP, and VP. These showed that
the discrimination of radiomics analysis and prediction
model of plain CT was the best. The AUC of the analysis
model of AP (0.801) was higher than the VP (0.769),
which was different from this study and could be related
to other factors, such as tumor heterogeneity, inconsistent
geographic regions of the cases, and the difference in the
scanning machine and scan parameters. This study did not
include the plain CT, but the AUC, sensitivity, and

Table 3 Delong Test for Pairwise Comparison of AUC of Each Model

Predictive Model P

Predictive Model P

AP model vs VP model 0.246
AP model vs Radiomics model 0.246
AP model vs Clinical model 0.071
AP model vs COMB model 0.004
Clinical model vs COMB model <0.001

VP model vs Radiomics model |

VP model vs Clinical model 0.037
VP model vs COMB model 0.262
Radiomics model vs Clinical model 0.037
Radiomics model vs COMB model 0.262

Abbreviations: AP, arterial phase; VP, venous phase; COMB, combined.
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specificity of the AP and VP were higher, while the
effectiveness was better than their results.

Tumor markers of PC have a guiding significance for
early diagnosis and prognosis. CA19-9 and CEA are
widely used and validated markers in PC.** However,
CA19-9 is the only biomarker recommended for clinical
use by the National Comprehensive Cancer Network
(NCCN) guidelines for pancreatic cancer,”* with 80%
sensitivity and 80-90% specificity.”> The optimal cutoff
values for predicting advanced PC were 7.0 ng/mL for
CEA and 305.0 U/mL for CA19-9. Although both tumor
markers are independent predictors of advanced PC, CEA

is a more robust predictor of advanced PC than CA19-9,
resulting in positive predictive values of 83.3%, 73.6%,
and 91.4% CEA, CA19-9,
respectively.”® Strikingly, the combination of CA19-9 and

for and combination,
CEA improves the specificity of diagnosing PC by 84%.’
In addition, under certain inflammatory conditions, CA19-
9 may also be upregulated. In this study, the levels of
CA19-9 and CEA in patients with PC were significantly
higher than those in patients with chronic pancreatitis,
which is consistent with the previous findings.”® The
AUC value of the clinical feature model was 0.822 (95%
CI: 0.751-0.893), and the AUC value of a single clinical
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feature model was lower than any differential diagnosis
model. Therefore, the combination of multiple indicators
could improve the accuracy of diagnosis.

Surgical pathology is the gold standard for the diagnosis
of PC and mass pancreatitis; however, some patients cannot
be operated on because the lesion invades the surrounding
blood vessels and nerves or has metastasized. The nomo-
gram established by this study combined with CA19-9,
CEA, and imaging radiomics scores is a non-invasive pre-
dictive tool that can analyze the overall characteristics of the
lesion without being restricted by the location and size of the
lesion, improving the accuracy of diagnosis while reducing
patient trauma with optimal compliance.

Nevertheless, the present study has some limitations:
1) Only a small cohort of patients, especially the cases of
mass pancreatitis and AIP, the differential diagnosis of
mass pancreatitis, AIP, and PC was studied, and we failed
to verify the prediction model. 2) The clinical data of
some patients were missed, and the clinical data regard-
ing amylase and antinuclear antibodies were not ana-
lyzed. 3) When delineating the ROI, some pancreatic
cancer lesions had unclear borders surrounding the sple-
nic artery, involving the spleen, and had an unclear
boundary with adjacent tissues, reducing the accuracy of
lesion delineation. 4) In this multicenter study, the scan-
ning parameters and reorganization methods were differ-
ent, and a unified standard was not determined. Thus,
a multicenter program to collect FPs, localized AIP, and
patients with PC and conduct clinical tests on large sam-
ple size is essential for external validation differential
diagnosis model.

In conclusion, the COMB model, which combined
clinical information and radiomics features based on
enhanced VP CT, has the potential to be used to distin-

guish between pancreatic cancer and chronic pancreatitis.
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