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Abstract

BACKGROUND

One of the primary reasons for the dismal survival rates in pancreatic ductal
adenocarcinoma (PDAC) is that most patients are usually diagnosed at late stages.
There is an urgent unmet clinical need to identify and develop diagnostic
methods that could precisely detect PDAC at its earliest stages.

AIM
To evaluate the potential value of radiomics analysis in the differentiation of
early-stage PDAC from late-stage PDAC.

METHODS

A total of 71 patients with pathologically proved PDAC based on surgical
resection who underwent contrast-enhanced computed tomography (CT) within
30 d prior to surgery were included in the study. Tumor staging was performed in
accordance with the 8" edition of the American Joint Committee on Cancer
staging system. Radiomics features were extracted from the region of interest
(ROI) for each patient using Analysis Kit software. The most important and
predictive radiomics features were selected using Mann-Whitney U test, univar-
iate logistic regression analysis, and minimum redundancy maximum relevance
(MRMR) method. Random forest (RF) method was used to construct the
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radiomics model, and 10-times leave group out cross-validation (LGOCV) method was used to validate the
robustness and reproducibility of the model.

RESULTS

A total of 792 radiomics features (396 from late arterial phase and 396 from portal venous phase) were extracted
from the ROI for each patient using Analysis Kit software. Nine most important and predictive features were
selected using Mann-Whitney U test, univariate logistic regression analysis, and MRMR method. RF method was
used to construct the radiomics model with the nine most predictive radiomics features, which showed a high
discriminative ability with 97.7% accuracy, 97.6% sensitivity, 97.8% specificity, 98.4% positive predictive value, and
96.8% negative predictive value. The radiomics model was proved to be robust and reproducible using 10-times
LGOCYV method with an average area under the curve of 0.75 by the average performance of the 10 newly built
models.

CONCLUSION
The radiomics model based on CT could serve as a promising non-invasive method in differential diagnosis
between early and late stage PDAC.

Key Words: Pancreatic ductal adenocarcinoma; Radiomics; Computed tomography; American Joint Committee on Cancer
staging

©The Author(s) 2024. Published by Baishideng Publishing Group Inc. All rights reserved.

Core Tip: Pancreatic ductal adenocarcinoma (PDAC) remains the deadliest of the common cancers, with little change in
patient survival in the past several decades. One of the biggest challenges of the management of PDAC that physicians often
encounter is that the early detection in high-risk individuals and the early diagnosis of patients with suspected symptoms.
Precise staging of PDAC is vital not only in making treatment decisions, but also in evaluating prognosis. Radiomics, the
generation of minable high throughput data through conversion of digital computed tomography (CT) or magnetic resonance
imaging, allows obtaining additional insight into pancreatic tissue heterogeneity. The aim of our study was to investigate a
radiomics approach for potential differentiation of early- from late-stage PDAC. In conclusion, our study demonstrated that
the radiomics model based on CT could serve as a promising non-invasive method in differential diagnosis between early
and late stage PDAC. Large-scale prospective cohort studies, preferably multi-center, to validate the potential value of the
radiomics diagnostic approach in differentiating early from late stage PDAC are in order.
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INTRODUCTION

Pancreatic cancer remains one of the most dismal types of cancers worldwide, characterized by a poor prognosis and a
low 5-year survival rate[1]. Pancreatic ductal adenocarcinoma (PDAC) constitutes more than 90% of all pancreatic cancer
cases. PDAC is often diagnosed as advanced due to the anatomical structure of the deep retroperitoneal layer of the
pancreas, lack of typical symptoms and effective screening methods[2]. PDAC is expected to surpass both breast and
colorectal cancer as the second leading cause of cancer related deaths by year 2030[3].

One of the biggest challenges of the management of PDAC that physicians often encounter is that the early detection in
high-risk individuals and the early diagnosis of patients with suspected symptoms. Two biomarkers including
carbohydrate antigen 19-9 (CA 19-9) and carcinoembryonic antigen are recommended for screening PDAC in clinical
practice[4,5]. CA 19-9 facilitates surgical decision and the detection of post-operative tumor recurrence; however, the
utility of CA 19-9 is limited since 10% of patients do not secrete CA 19-9[6]. CA 19-9 levels are not found to be specific or
sensitive enough for reliable detection of PDAC[5].

Multi-detector computed tomography (MDCT) is the most widely available and important pre-operative examination
for patients with suspected PDAC[7]. MDCT provides good spatial resolution with wide anatomic coverage, which
allows comprehensive evaluation of local and distant disease in a single session[8]. Notably, MDCT is proved to be a
useful tool in assessment of vascular involvement, which is one of the deciding factors of tumor resectability[9,10]. The
American Joint Committee on Cancer (AJCC) TNM staging criteria has been developed to characterize local and systemic
spread PDAC. Precise staging of PDAC is vital not only in making treatment decisions, but also in evaluating prognoses
[11]. The diagnosis and clinical staging of PDAC are established using CT and/or magnetic resonance imaging (MRI), or
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Patients with pathologically proved PDAC betwen January 2019 and January 2020 (n = 140)

Exclusion criteria:
Lack of complete CE-CT examination (n = 15)
The interval between preoperative CT scan and surgery > 30d (n =9)
—=| Patients with incomplete clinical data, histopathological analysis, or undefined tumor stage (n = 19)
Biopsy proved PDAC (n = 11)
Inadequate image quality for tumor delineation (n = 5)
Patients with tumor size < 0.5 cm (n = 3)
Neoadjuvant chemotherapy and radiation therapy prior to CT scan (n = 7)

Patients with pathologically proved PDAC based on surgical resection who underwent CE-CT within 30 days prior to surgery (n = 71)

~—‘ Based on AJCC staging system ‘

l l

‘ Early-stage PDAC patients (n = 31) ‘ ‘ Late-stage PDAC patients (n = 40)

Figure 1 Flow diagram of patient inclusion. PDAC: Pancreatic ductal adenocarcinoma; CE-CT: Contrast-enhanced computed tomography; AJCC: American
Joint Committee on Cancer.

endoscopic ultrasound-guided fine needle aspiration[12].

Over the past few years, radiomics has facilitated the development of processes for the conversion of digital images
into mineable data and further analysis of the data for decision support. In clinical practice, the specific biopsy sample can
provide histological information of tumors but may not reflect the full extent of the tumor phenotype due to sampling
error[12]. Radiomics is a promising useful tool that assesses tissue gray-level intensity and pixel position in digital CT or
MRI images and permits quantification of tumor spatial heterogeneity, which can preoperatively predict histological
grade and guide clinical decision-making. Radiomics has been used for pathologic classification and TNM staging in
different tumors and initial results are encouraging[13-15]. Recently, a well-written and insightful article by Xu et al[16]
investigated the potential value of a circular RNA (circRNA)-based biomarker panel in distinguishing between early
(stage I/1I)- and late-stage (stage III/IV) PDAC, which appeared in the October 2023 issue of Gastroenterology. In our
study, we also classified all PDAC into early (stage I/1I)- and late-stage (stage III/IV), and investigated the potential value
of radiomics model in distinguishing between early- and late- stage PDAC, which is critical for making strategic
management decision and predicting prognoses.

MATERIALS AND METHODS

Patients

This study was approved by the ethics committee of Affiliated Hospital of Nanjing University of Chinese Medicine with
waiver of informed consent due to its retrospective nature. The study was reviewed and approved by the ethics
committee of Affiliated Hospital of Nanjing University of Chinese Medicine (Approval No. 2017NL-137-05). A total of 140
patients with pathologically proved PDAC from January 2019 to January 2020 was included in the study. Exclusion
criteria were lack of complete contrast-enhanced CT examination (unenhanced, late arterial, and portal phases) (1 = 15),
the interval between preoperative CT scan and surgery > 30 d (n = 9), patients with incomplete clinical data, histopatho-
logical analysis, or undefined tumor stage (1 = 19), biopsy proved PDAC (n = 11), inadequate image quality for tumor
delineation (1 = 5), patients with tumor size < 0.5 cm (n = 3), and neoadjuvant chemotherapy and radiation therapy prior
to CT scan (n = 7). Finally, 71 patients with pathologically proved PDAC (39 males and 32 females with a mean age of
61.55 £ 8.53) were included in the study. Tumor staging was performed in accordance with the most current AJCC
staging system (the 8" edition)[11]. A total of 71 patients were classified into stage IA (n = 4), stage IB (n = 8), stage IIA (n
= 3), stage IIB (n = 16), stage III (n = 16) and stage IV (n = 24). Finally, patients with PDAC were defined as early-stage (I-
II) and late stage (III-IV) (Figure 1).

CT examination

All patients underwent triple-phase CT scan including unenhanced, late arterial, and portal venous phases. CT scanning
was completed using one of the following scanners: (1) GE Optima 670 (GE Healthcare, Tokyo, Japan); (2) GE Lightspeed
64 VCT (GE Healthcare); (3) SIMENS SOMATOM Definition; and (4) Philips Brilliance 64 (Philips Healthcare, DA Best,
the Netherlands). The following scan parameters were used: Tube voltage, 120Kvp; tube current, 200-400 mAs; helical
pitch, 0.984-1.375; and 1.0 mm reconstruction slice thickness with an interval of 1.0 mm. An administration of 100-120 mL

WJGO | https://www.wjgnet.com 1258 April 15,2024 | Volume16 | Issue4d |

Jaishideng®



Ren S et al. Radiomics approach for PDAC staging

nonionic contrast media (Omnipaque 350, Bayer Pharmaceuticals) at a rate of 3.0-4.0 mL/s was performed after the
unenhanced CT scan. The late arterial and portal venous phases were acquired at 35 s and 70 s, respectively.

Image analysis

The CT images were retrospectively reviewed by two abdominal radiologists in consensus. Any disparity was resolved
by referring to a senior radiologist with 15 years” experience of reading abdominal CT images. The following CT imaging
features were evaluated in consensus: Tumor location, tumor margin (well-defined or ill-defined margin), presence of
calcification, presence of cystic degeneration, presence of pancreatic duct dilatation, presence of vascular invasion,
presence of lymph node metastasis, and presence of distal metastasis. Well-defined margin represents a margin that is
smooth and visible, while spiculation or infiltration on one quarter of tumor perimeter indicates an ill-defined margin
[17]. Calcifications were identified on unenhanced CT images. Cystic degeneration within the tumor was defined as low
attenuation areas with CT attenuation values < 20 Hounsfield units or lack of enhancement on contrast-enhanced CT[18].
A maximal diameter > 3 mm indicates pancreatic duct dilatation. Vascular invasion was defined in accordance with
National Comprehensive Cancer Network guideline (version 2.2019-April 9, 2019)[19].

Tumor segmentation

Dual-phase pancreatic CT protocol including late arterial and portal venous phases were recommended for the optimal
evaluation of primary pancreatic tumors. In the present study, ITK-SNAP software (version 3.6.0) was used for tumor
segmentation on the late arterial and portal venous phase images and regions of interest (ROIs) were manually outlined
by the side of the complete tumor margin on all contiguous slices by an experienced radiologist, who was blinded to the
histopathological and clinical findings of these patients and used ITK-SNAP for other studies consisting of 221 patients
with confirmed pancreatic diseases[20,21].

Feature extraction and selection

Prior to feature extraction, gray-level normalization (a unified voxel size of 1.0 mm % 1.0 mm x 1.0 mm) was carried out in
order to exclude disturbances caused by scanner variabilities and parameters before radiomics analysis[21]. A total of 792
radiomics features (396 from late arterial phase and 396 from portal venous phase) were extracted from the ROIs for each
patient using Analysis Kit software (version V3.0.0.R, GE Healthcare). Mann-Whitney U test, univariate logistic
regression analysis, and minimum redundancy maximum relevance (MRMR) method were used to identify the most
pivotal and predictive radiomics features from all features in differential diagnosis between early-stage and late-stage
PDAC.

Construction and validation of radiomics model

The selected features from the late arterial and portal venous phases were used to construct the radiomics model using
random forest (RF) method, which grows multiple decision trees that are merged together for a more accurate prediction.
The prediction ability of the radiomics model was assessed and recorded.

The robustness and reproducibility of the radiomics model was validated using 10-times leave group out cross-
validation (LGOCV) method. Patients were randomly divided into training and validation sets at a ratio of 7:3 for 10
times. For each time, a radiomics model was generated in the training set and the validation set was used to evaluate the
predictive ability of the radiomics model. The robustness and reproducibility of the radiomics model was shown by the
average performance of the 10 newly built models.

Statistical analysis
Statistical analysis was performed using SPSS v.24 (IBM Corp., Chicago, LA, United States) and R software v.3.6.1. P <
0.05 was considered to be statistically significant.

RESULTS

Demographic characteristics

A total of 71 PDAC patients with a mean age of 61.55 + 8.53 years were classified into early-stage (n = 31) and late-stage (n
= 40) based on AJCC TNM staging criteria. The demographic characteristics were listed in Table 1. No statistically
significant difference was found with respect to patients” age (61.45 + 8.93 years vs 61.63 + 8.31 years, P = 0.933), sex, or
demographic characteristics.

CT findings

CT findings of patients with early-stage and late-stage PDAC were listed in Table 2. No statistically significant difference
was found with respect to tumor location, tumor margin, calcification, cystic degeneration, pancreatic duct dilatation,
vascular invasion, or lymph node metastasis. Late-stage PDAC has a larger tumor size as compared to early-stage PDAC
(4.03 £1.25 cm vs 3.05 = 0.54 cm, P < 0.001). Late-stage PDAC has a higher frequency of distal metastasis as compared to
early-stage PDAC [24 (60%) vs 0 (0%), P < 0.001]. Two representative cases of early-stage and late-stage PDAC were
shown in Figure 2. Case 1 represents a patient with stage IB PDAC, which located at the tail of the pancreas (Figure 2A-
C). Case 2 represents a patient with stage IV PDAC, which located at the tail of the pancreas (Figure 2D-F).
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Table 1 Demographic characteristics of patients with early-stage and late-stage pancreatic ductal adenocarcinoma

Clinical stage classification

Characteristic P value
Early-stage PDAC (n = 31) Late-stage PDAC (n = 40)

Age (yr) 61.45 +£8.93 61.63 £8.31 0.933
Sex 0.153
Male 20 (64.5%) 19 (47.5%)
Female 11 (35.5%) 21 (52.5%)
Abdominal pain 14 (45.2%) 20 (50%) 0.686
Abdominal bloating 8 (25.8%) 11 (27.5) 0.873
Abdominal discomfort 16 (51.6%) 21 (52.5%) 0.941
Body weight loss 11 (35.5%) 14 (35.0%) 0.966
Jaundice 7 (22.6%) 9 (22.5) 0.994
AJCC staging -

IA 4(12.9%)

B 8 (25.8%)

ITA 3(9.7%)

IIB 16 (51.6%)

il 0 16 (40%)

Y 0 24 (60%)

PDAC: Pancreatic ductal adenocarcinoma; AJCC: American Joint Committee on Cancer.

Figure 2 Computed tomography images of two representative cases of pancreatic ductal adenocarcinoma. A-C: A 54-year-old man with stage
IB pancreatic ductal adenocarcinoma (PDAC). Computed tomography (CT) imaging showed a well-defined, predominantly solid tumor (white arrow), 3.0 ¢cm in
diameter in the tail of the pancreas. No obvious lymph node metastasis, vascular invasion, or distal metastasis was found. TNM classification: T2NOMO (IB); D-F: A
44-year-old man with stage IV PDAC. CT imaging showed an ill-defined, predominantly solid tumor (white arrow), 4.1 cm in diameter in the tail of the pancreas. The
left adrenal gland (orange arrow) was grossly invaded by the tumor. TNM classification: TSN1M1 (IV).

Feature extraction and selection

The extracted radiomics features from each phase CT imaging included histogram features (n = 42), morphological
features (n =9), grey level co-occurrence matrix (GLCM) features (1 = 144), grey level size zone matrix features (n = 11),
grey level run-length matrix features (n = 180), and Haralick features (n = 10).
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Table 2 Computed tomography findings of patients with early-stage and late-stage pancreatic ductal adenocarcinoma

Clinical stage classification

Characteristic P value
Early-stage PDAC (n = 31) Late-stage PDAC (n = 40)

Tumor size (cm) 4.03+1.25 3.05+0.54 <0.001

Tumor location 0.869
Head & neck 18 (58.1%) 24 (60.0%)
Body & tail 13 (41.9%) 16 (40.0%)

Tumor margin 0.722
Well-defined 4 (12.9%) 3(7.5%)
Ill-defined 27 (87.1%) 37 (92.5%)

Calcification 1.0
Y 1(3.2%) 1(2.5%)
N 30 (96.8%) 39 (97.5%)

Cystic degeneration 0.757
Y 3 (9.7%) 6 (15.0%)
N 28 (90.3%) 34 (85.0%)

MPD 0.861
Y 20 (64.5) 25 (62.5%)
N 11 (35.5) 15 (37.5%)

Vascular invasion 0.302
Y 14 (45.2%) 23 (57.5%)
N 17 (54.8%) 17 (42.5%)

Lymph node metastasis 0.480
Y 16 (51.6%) 24 (60.0%)
N 15 (48.4%) 16 (40.0%)

Distal metastasis <0.001
Y 0 (0%) 24 (60%)
N 31 (100%) 16 (40%)

Categorical variables were presented as the number of cases (%) and were analyzed by using y* or Fisher’s exact tests. MPD: Main pancreatic duct

dilatation; PDAC: Pancreatic ductal adenocarcinoma.

Nine most important and predictive radiomics features were identified after feature selection using Mann-Whitney U
test, univariate logistic regression analysis, and MRMR method. Among them, 6 features were extracted from the late
arterial phase (named a _ feature) and the others from the portal venous phase (named p _ feature). The selected features
were a_Correlation_angle135_offset4, p_Correlation_angle90_offset7, a_Correlation_angle45_offset7, a_GLCM-
Entropy_AllDirection_offset4_SD, a_Compactness2, a_GLCMEntropy_AllDirection_offset7_SD, p_Compactness2,
a_InverseDifferenceMoment_AllDirection_offset4_SD, and p_HighGreyLevelRunEmphasis_AllDirection_offset. The
histograms of cases 1 and 2 were shown in Figure 3, which demonstrated a marked difference. The area under the
receiver operating characteristic curve (AUC) barplot of the selected radiomics features were shown in Figure 4A. The
importance of the selected radiomics features were shown in Figure 4B. Figure 4C is a heatmap showing expression
values of the selected radiomics features (rows) of 71 PDAC patients (columns). The differential diagnostic ability of the
selected radiomics features were listed in Table 3, including AUC value, sensitivity, specificity, and accuracy.

Construction and validation of radiomics model

We subsequently adopted RF method to construct a radiomics model to differentiate between early-stage and late-stage
PDAC, which had an AUC of 0.99 (Figure 5A). The RF classifier showed a high discriminative ability with 97.7%
accuracy, 97.6% sensitivity, 97.8% specificity, 98.4% positive predictive value, and 96.8% negative predictive value. We
finally used 10-times LGOCV method to validate the robustness and reproducibility of the radiomics model, with a mean
AUC of 0.75 by the average performance of the 10 newly built models (Figure 5B), indicating good predictive ability of
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Table 3 The differential diagnostic ability of the selected radiomics features

Features AUC SEN SPE ACC

a_Compactness2 0.754 67.5% 77.42% 71.83%
a_GLCMEntropy_AllDirection_offset7_SD 0.698 82.5% 58.06% 71.83%
p_Correlation_angle90_offset7 0.683 60.0% 70.97% 64.79%
p_HighGreyLevelRunEmphasis_AllDirection_offset4_SD 0.661 77.5% 51.61% 66.20%
a_GLCMEntropy_AllDirection_offset4_SD 0.665 87.5% 54.84% 73.24%
a_Correlation_angle45_offset7 0.639 50.0% 77.42% 61.97%
p_Compactness2 0.66 80.0% 54.84% 69.01%
a_InverseDifferenceMoment_AllDirection_offset4_SD 0.638 75.0% 64.52% 70.42%
a_Correlation_angle135_offset4 0.677 75.0% 58.06% 67.61%

AUC: Area under the receiver operating characteristic curve; SEN: Sensitivity; SPE: Specificity; ACC: Accuracy; GLCM: Grey level co-occurrence matrix.
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Figure 3 Histograms of two representative cases of pancreatic ductal adenocarcinoma. A and B: Stage IB pancreatic ductal adenocarcinoma
(PDAC), A vs stage IV PDAC, B, which showed a marked difference. The X-axis indicates the gray level (HU). The Y-axis indicates the number of voxels.

the radiomics model.

DISCUSSION

In the present study, we developed and validated a radiomics model in differentiating early-stage PDAC from late-stage
PDAC. The radiomics model incorporating the most important and predictive features selected using Mann-Whitney U
test, univariate logistic regression analysis, and MRMR method, displayed a high discriminative ability. The results
demonstrated that radiomics analysis may facilitate the preoperative risk stratification, clinical decision making, and
maximize patient survival in patients with PDAC with short life expectancy.

The accurate staging of PDAC and assessment of surgical resectability is crucial in the management of this dismal
disease[22]. Xu et al[16] classified PDAC into early (stage 1/1I)- and late-stage (stage III/IV) and evaluated the diagnostic
ability of a circRNA-based biomarker panel in distinguishing between them. In our study, patients with PDAC were also
grouped as early-stage (I-II) and late stage (III-IV). No statistically significant difference was found with respect to
patients’ age, sex, or demographic characteristics between early-stage and late-stage PDAC. This implied that early-stage
and late-stage PDAC could not be differentiated by the demographic characteristics. The importance of tumor size was
further underlined in the latest version of AJCC, especially for further grouping of T1-stage PDAC[22]. After CT imaging
interpretation, late-stage PDAC has a larger tumor size as compared to early-stage PDAC (4.03 + 1.25 cm vs 3.05 + 0.54
cm, P < 0.001). Additionally, late-stage PDAC has a higher frequency of distal metastasis as compared to early-stage
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Figure 4 The area under receiver operating characteristic curve barplot, importance, and heatmap showing expression values of the
selected features. The feature importance plot was provided by the random forest methods as soon as the model train procedure completed. The importance of
the feature was computed from permuting out-of-bag data. A: The area under receiver operating characteristic curve barplot of the selected predictive radiomics
features; B: The importance of the selected predictive radiomics features; C: The heatmap showing expression values of the selected radiomics features (rows) of 71
pancreatic ductal adenocarcinoma patients (columns). AUC: Area under the receiver operating characteristic curve.

WJGO | https://www.wjgnet.com 1263 April 15,2024 | Volume16 | Issue4d |

Jaishideng®



Ren S et al. Radiomics approach for PDAC staging

A B
1.0 1 1.0 ——F ==
0.8 0.8 I ’
0.6 0.6 /
= Z -
> =
G 3 /)
05) (%:J . —— Fold 01 (AUC =0.78)
| | ’ Fold 02 (AUC = 0.59)
0.4 04 / Fold 03 (AUC = 0.75)
~ Fold 04 (AUC = 0.73)
AUC: 0.99 (0.99 - 1.00) , Fold 05 (AUC = 0.77)
/ Fold 06 (AUC = 0.81)
0.2 024 [/ —— Fold 07 (AUC = 0.75)
' —— Fold 08 (AUC = 0.86)
) —— Fold 09 (AUC =0.78)
P —— Fold 10 (AUC = 0.66)
-~ Mean (AUC =0.75)
0.0 0.0
T T T T T T T T T T T T
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1-specificity 1-specificity

Figure 5 Receiver operating characteristic curve of the radiomics model and receiver operating characteristic curves of 10-times leave
group out cross-validation analysis in differential diagnosis between early and late-stage pancreatic ductal adenocarcinoma. A: Receiver
operating characteristic (ROC) curve of the radiomics model based on computed tomography images in the differentiation of early and late-stage pancreatic ductal
adenocarcinoma (PDAC); B: ROC curves of 10-times leave group out cross-validation analysis for the differentiation of early and late stage PDAC, with a mean area
under the curve of 0.75 by the average performance of the 10 newly built models, indicating good predictive ability of the radiomics model. AUC: Area under the
receiver operating characteristic curve.

PDAC [24 (60%) vs 0 (0%), P < 0.001] since 24 patients with stage IV PDAC were included in late-stage PDAC group.
Similarly, the sensitivity is low since stage IIl PDAC does not occur dismal metastasis.

Recently, some researchers have investigated the potential value of CT texture analysis in predicting the overall
survival of PDAC patients and evaluating the resectability of PDAC[23]. Our latest research study also investigated the
potential value of CT texture analysis for prediction of histopathological grade of PDAC[24]. Fifty-six PDAC patients
were divided into low-grade and high-grade; the CT texture analysis based on support vector machine achieved 78%
sensitivity, 95% specificity, and 86% accuracy. In the present study, we developed and validated a radiomics model in
differentiating early-stage PDAC from late-stage PDAC. A total of 792 radiomics features (396 from the late arterial phase
and 396 from the portal venous phase) were extracted from the ROI for each case. Nine most important and predictive
radiomics features were identified after feature selection using Mann-Whitney U test, univariate logistic regression
analysis, and MRMR method. Among which, 6 features were extracted from the late arterial phase and the others from
the portal venous phase. RF method was used to construct a radiomics model, which shows a high predictive ability with
an AUC of 0.99; subsequently, 10-times LGOCV method was used to validate the robustness and reproducibility of the
radiomics model, with a mean AUC of 0.75 by the average performance of the 10 newly built models, indicating good
predictive ability of the radiomics model.

There were several limitations in this study. First, the weak point of this paper is that the methods are very difficult for
clinicians, even radiologists, to understand[21]. Therefore, specialized knowledge is required to understand radiomics or
radscores. However, current radiomics work was dominated by analysis of semantic, radiologist-defined features and
carried qualitative real-world meaning. Radiomics is similar to a black box in that only a fraction of the features can be
interpreted at present. Second, the enrolled number of patients was relatively small due to the strict inclusion criteria.
Multicenter validated prospective studies would be necessary to validate these promising outcomes. Third, the
retrospective nature of this study inherently introduces a selection bias. However, the fact is that most research regarding
texture analysis or machine learning is retrospective in nature[24]. Forth, this study only investigates the potential value
of radiomics in PDAC staging differential diagnosis; the role of other imaging techniques including MRI and
postoperative radiotherapy/MR has not been discussed. This is mainly due to the fact that CT-based radiomics to predict
the histological grade of PDAC is more conducive to generalization since it only uses CT which is fast, low cost, and
widely available for processing without additional expenses. Additionally, the National Comprehensive Cancer Network
guideline recommends serial CT with contrast for routine follow-up to determine therapeutic benefit.

CONCLUSION

In conclusion, we developed and validated a radiomics model in differentiating early-stage PDAC from late-stage PDAC.
The radiomics model incorporating the most important and predictive features had a high discriminative ability.
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ARTICLE HIGHLIGHTS

Research background

Pancreatic ductal adenocarcinoma (PDAC) remains the deadliest of the common cancers, with little change in patient
survival in the past several decades. One of the biggest challenges of the management of PDAC that physicians often
encounter is that the early detection in high-risk individuals and the early diagnosis of patients with suspected
symptoms. Precise staging of PDAC is vital not only in making treatment decisions, but also in evaluating prognosis.

Research motivation
Radiomics, the generation of minable high throughput data through conversion of digital computed tomography (CT) or
magnetic resonance imaging images, allows obtaining additional insight into pancreatic tissue heterogeneity. CT-based
radiomics diagnostic approach could serve as a promising non-invasive method in differential diagnosis between early-
and late-stage PDAC.

Research objectives
This study aimed to develop a radiomics-based diagnostic approach with a robust noninvasive diagnostic potential for
identifying patients with early-stage PDAC.

Research methods

A total of 71 patients with pathologically proved PDAC based on surgical resection who underwent contrast-enhanced-
CT within 30 d prior to surgery were included in the study. Radiomics features were extracted from the region of interest
(ROI) for each patient using Analysis Kit software. The most important and predictive radiomics features were selected
using Mann-Whitney U test, univariate logistic regression analysis, and minimum redundancy maximum relevance
(MRMR) method. Random forest (RF) method was used to construct the radiomics model, and 10-times leave group out
cross-validation (LGOCV) method was used to validate the robustness and reproducibility of the model.

Research results

A total of 792 radiomics features (396 from late arterial phase and 396 from portal venous phase) were extracted from the
ROI for each patient. Nine most important and predictive features were selected using Mann-Whitney U test, univariate
logistic regression analysis, and MRMR method. RF method was used to construct the radiomics model with the nine
most predictive radiomics features, which showed a high discriminative ability with 97.7% accuracy, 97.6% sensitivity,
97.8% specificity, 98.4% positive predictive value, and 96.8% negative predictive value. The radiomics model was proved
to be robust and reproducible using 10-times LGOCV method with an average area under the curve of 0.75 by the
average performance of the 10 newly built models.

Research conclusions

This study demonstrated that CT-based radiomics diagnostic approach could be used to differentiate between early- and
late-stage PDAC.

Research perspectives

This study developed a radiomics-based diagnostic approach with a robust noninvasive diagnostic potential for
identifying patients with early-stage PDAC. Large-scale prospective cohort studies, preferably multi-center, to validate
the potential value of the radiomics diagnostic approach in differentiating early from late stage PDAC are in order.
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