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Background: Mucin 4 (MUC4) overexpression promotes tumorigenesis and increases the aggressiveness of 
pancreatic ductal adenocarcinoma (PDAC). To date, no study has reported the association between radiomics 
and MUC4 expression in PDAC. Thus, we aimed to explore the utility of radiomics based on multi-sequence 
magnetic resonance imaging (MRI) to predict the status of MUC4 expression in PDAC preoperatively.
Methods: This retrospective study included 52 patients with PDAC who underwent MRI. The patients 
were divided into two groups based on MUC4 expression status. Two feature sets were extracted from 
the arterial and portal phases (PPs) of dynamic contrast-enhanced MRI (DCE-MRI). Univariate analysis, 
minimum redundancy maximum relevance (MRMR), and principal component analysis (PCA) were 
performed for the feature selection of each dataset, and features with a cumulative variance of 90% were 
selected to develop radiomics models. Clinical characteristics were gathered to develop a clinical model. The 
selected radiomics features and clinical characteristics were modeled by multivariable logistic regression. The 
combined model integrated radiomics features from different selected data sets and clinical characteristics. 
The classification metrics were applied to assess the discriminatory power of the models.
Results: There were 22 PDACs with a high expression of MUC4 and 30 PDACs with a low expression of 
MUC4. The area under the receiver operating characteristic (ROC) curve (AUC) values of the arterial phase 
(AP) model, the PP model, and the combined model were 0.732 (0.591–0.872), 0.709 (0.569–0.849), and 0.861 
(0.760–0.961), respectively. The AUC of the clinical model was 0.666 (0.600–0.682). The combined model 
that was constructed outperformed the AP, the PP, and the clinical models (P<0.05, although no statistical 
significance was observed in the combined model vs. AP model).
Conclusions: Radiomics models based on multi-sequence MRI have the potential to predict MUC4 
expression levels in PDAC.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is a malignant 
digestive system tumor and is the third leading cause of 
death among cancers (1). Although radical resection is the 
only possible curative treatment, the addition of neoadjuvant 
chemotherapy can improve the survival rate of patients with 
PDAC (2). Due to the heterogeneity of tumors, sensitivities 
toward chemotherapeutic drugs are diverse among different 
people. Even though progress has been made in diagnosing 
and treating pancreatic cancer, the prognosis of PDAC is 
still poor, with a reported 5-year survival rate of 7.2% (3). 
Therefore, it is essential to discover molecular markers that 
can be targeted by chemotherapy and used to predict patient 
prognosis in PADC patients. Recently, individualized 
cancer treatment has aroused great interest and is being 
widely studied. The use of molecular biomarkers helps the 
optimization of appropriate treatment and evaluation of 
prognosis in patients with cancer (4). 

Mucin 4 (MUC4) is a highly glycosylated, membrane-
bound protein. The overexpression of MUC4 promotes 
tumorigenesis and increases the aggressiveness of PDAC (5).  
The high expression of MUC4 promotes tumor cell 
metastasis, regulates the interaction between tumor cells 
and microenvironmental components, and promotes 
tumor cell resistance to chemotherapy (6,7). Studies have 
confirmed that the PDAC group with a high expression 
of MUC4 is less sensitive to gemcitabine (8,9). The high 
expression of MUC4 is closely related to the poor prognosis 
of patients with PDAC (10). Therefore, it is essential to 
detect the status of MUC4 for optimizing individualized 
treatment and evaluating the prognosis of patients with 
PDAC.

Immunohistochemistry (IHC) is a conventional, albeit 
invasive method used for detecting MUC4 expression 
status. Magnetic resonance imaging (MRI) is capable of 
noninvasively detecting pancreatic malignancy. However, 
MRI is generally not used to describe features other than 
tumor location, size, and general appearance. Radiomics 
can obtain a large quantity of potential feature data that 
is not seen by the naked eye from traditional images in a 
noninvasive and high throughput way and quantitatively 
analyze the obtained feature data to provide a basis for 
treatment decision-making (11). It relies on objective 

computer measurements rather than a radiologist’s 
subjective assessment (12). Radiogenomics is an emerging 
field in which the relationship between radiological features 
and genetic characteristics are studied. Routine image data 
are transformed into mineable quantitative data where 
quantitative features are extracted and linked to specific 
genomic profiles and outcomes (13). Some progress 
has been made in various tumors using radiogenomics 
applications, such as rectal cancer, breast cancer, and brain 
glioblastoma (14-16). There has been no report, however, 
about the association between radiomics and MUC4 
expression status in PDAC patients.

This study aimed to identify the correlation between 
radiomics and MUC4 in PDAC. The radiomics features 
were extracted from multi-sequence MRI, and radiomics 
models were developed to explore their util ity in 
preoperatively predicting MUC4 expression levels in 
PDAC. We present the following article in accordance with 
the TRIPOD reporting checklist (available at https://qims.
amegroups.com/article/view/10.21037/qims-22-112/rc).

Methods 

Patients

The study was conducted in accordance with the 
Declaration of Helsinki (as revised in 2013). This 
retrospective study received ethical approval from the 
Institutional Review Board (IRB), and the requirement for 
informed consent was waived. Consecutive patients with 
pathologically confirmed PDAC and preoperative MRI 
admitted at our institution from March 2016 to September 
2019 were identified. The paraffin sections of each patient 
were collected for IHC detection of the status of MUC4 
expression in PDAC. Our study recruited patients who 
met the following criteria: (I) total tumor resection and 
a pathological diagnosis of PDAC; (II) available IHC 
detection of MUC4 expression status; (III) available 
preoperative multi-sequence MR scan; and (IV) available 
complete clinical data sets. Patients were excluded according 
to the following criteria: (I) absence of paraffin-embedded 
sections or inability to evaluate MUC4 expression; (II) 
previous administration of preoperative therapy, such as 
chemoradiotherapy; (III) incomplete imaging data or poor 
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image quality; or (IV) >30-day interval between surgery and 
MR examination. 

The flowchart of patient recruitment is shown in 
Figure 1. Finally, 52 patients (mean age, 64 years; males 
=30) with PDAC were included in our study. Clinical 
data, including age, gender, tumor location, tumor size, 
tumor differentiation, lymph node status, and serological 
carbohydrate antigen 19-9 (CA19-9) levels, were recorded 
from the admission notes. Tumor size was based on the 
product of the lesion’s length, width, and height measured 
on surgical specimens. According to the pathological results, 
lymph node status was divided into positive and negative 
status. In addition, we followed up on the overall survival 
(OS) rate of patients for 1 year. The OS was defined as the 
time interval between the date of operation and the date of 
death or the last known date of life. Taking the follow-up 
for 1 year as the boundary, more than 1 year of survival was 
deemed survival, and less than 1 year of survival was deemed 
non-survival or dead. We compared the correlation between 
OS and MUC4 expression levels.

Immunohistochemistry for MUC4

The MUC4 expression level was identified using standard 
IHC methods. Paraffin sections of PDAC were collected 
from the Pathology Department of our unit.  The 
department made 5 µm-thick sections and used MUC4-
specific antibodies (Abcam, Cambridge, MA, USA) for IHC 
staining. Two experienced pathologists (with 5 and 8 years 
of experience, respectively) performed the IHC scoring 
independently and were blinded to the clinical data of 

these patients; they discussed the results when their scores 
were inconsistent. The score was based on the degree of 
staining and the proportion of positive cells (H-score). 
The evaluation criteria for the degree of staining were as 
follows: no color, 0 score; pale yellow, 1 score; claybank,  
2 scores; and brown, 3 scores. The evaluation criteria for 
the proportion of positive cells were as follows: no more 
than 5%, 0 score; 5–25%, 25 scores; 25–50%, 50 scores; 50–
75%, 75 scores; and over 75%, 100 scores. Positive staining 
over 5% was defined as positive expression. High and low 
expressions of MUC4 were defined as H-score >100 and 
H-score ≤100, respectively (8). The IHC and corresponding 
histopathological results of high and low MUC4 expression 
in different patients are shown in Figure 2. 

MRI techniques 

All patients were scanned with a 3.0-T MR machine (MR 
750; GE Medical Systems, Waukesha, WI, USA; Achieva, 
Philips, the Netherlands) with a 32-channel body phased-
array coil. The scan sequence included T2-weighted 
imaging (T2WI), pre-contrast T1-weighted imaging 
(T1WI), and the arterial, portal-venous, and delayed phases 
of dynamic contrast-enhanced MRI (DCE-MRI). The 
contrast agent for dynamic enhancement was gadopentetate 
dimeglumine (Magnevist, Bayer Schering, Guangzhou, 
China); the dose was 0.2 mmol/kg (approximately 20 
mL), which was injected intravenously with a pressure 
syringe (Spectris MR Injection System; MEDRAD, Inc., 
Pittsburgh, PA, USA) at 2–3 mL/s, followed by flushing 
with 20 mL of saline. Scanning was performed at 30, 60, 

Preoperative MRI examination and 
pathologically confirmed PDAC 

(n=147)
• No paraffin embedded sections or MUC4 
   expression could not be evaluated (n=27);
• Preoperative therapy such as 
   chemoradiotherapy was performed (n=17);
• Imaging data was incomplete or the image 
   quality was poor (n=29);
• The interval time between operation and MR 
   examination was over 30 days (n=22)

Included cases 
(n=52)

MUC4 high 
expression

(n=22)

MUC4 low 
expression

(n=30)

Exclusion criteria

Figure 1 The workflow of patient recruitment. MRI, magnetic resonance imaging; MR, magnetic resonance; PDAC, pancreatic ductal 
adenocarcinoma; MUC4, mucin 4.
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and 120 s after the injection of contrast agent to obtain 
images of the arterial phase, portal vein phase, and delayed 
phase, respectively. Details of the parameters are shown in 
Table 1.

Image segmentation, preprocessing, and feature extraction

Two radiologists with experience in abdominal diagnosis 
(Reader 1 with 4 years and Reader 2 with 7 years, respectively) 
manually outlined the region of interest (ROI) based on 
arterial phase and portal phase around the tumor edge, layer 
by layer, without knowing the clinical and pathological data 
of the patient. Two corresponding independent feature sets 
(arterial phase, portal phase) were produced, and radiomics 
models were built. To reduce the influence of the volume 
effect on the peripancreatic fat space or normal pancreas, 
the outlined ROI was slightly smaller than the area of the 
actual lesion (17). The process was implemented using an 
open-source software package, Imaging Biomarker Explorer 
(IBEX, β1.0; University of Texas MD Anderson Cancer 
Center, Houston, TX, USA; http://bit.ly//), which runs on 
MATLAB 2016b (The MathWorks Inc., Natick, MA, USA). 

The radiomics workflow is shown in Figure 3. Four sets of 
features from IBEX were opted for, including the intensity 
histogram, the gray-level co-occurrence matrix (GLCM), the 
gray-level run-length matrix (GLRLM), and the shape. We 
identified 350 radiomics features in arterial phase and portal 
phase, each of the independent feature sets, respectively (see 
Appendix 1, which elucidates the features of information). 
All patients included in this study had identical MR scan 
sequences and parameters. Thus, no image preprocessing 
methods were applied. To eliminate the effect of different 
dimensions of features and to make the results more reliable, 
we performed z-score standardization on all data sets (see 
Appendix 2, which explains the data preprocessing method).

Intraobserver and interobserver agreement

We selected all patients to evaluate the repeatability of 
radiomics of different feature sets. We drew the ROI 
contours of the arterial phase and the portal phase from 
multi-sequenced MRI, thus generating corresponding feature 
subsets. Intraobserver consistency was checked in the results 
illustrated by Reader 1, who drew the ROI twice, and the 

A B

100 μm 100 μm

Figure 2 Immunohistochemistry of MUC4 in PDAC. (A) High expression for MUC4 in PDAC; (B) low expression for MUC4 in PDAC. 
200× magnification under the microscope. MUC4, mucin 4; PDAC, pancreatic ductal adenocarcinoma.

Table 1 The scan sequences and parameters of 3.0T MRI

Sequence TR (ms) TE (ms) Slice thickness (mm) Slice gap (mm) Matrix FOV (cm)

Axial T2WI 4,500–6,000 90–120 6 1 320×256 34×34

Axial fat suppression T2WI 2,500–3,000 90–110 6 1 384×384 34×34

Axial 3D-LAVA 3.6–4.4 1.7–1.9 5.2 0 224×192 36×36

Dynamic enhancement 3D-LAVA 3.6–4.4 1.7–1.9 5.2 0 224×192 36×36

MRI, magnetic resonance imaging; TE, echo time; T2WI, T2-weighted image; TR, repetition time; FOV, field of view; LAVA, liver acquisition 
with volume acceleration.

https://cdn.amegroups.cn/static/public/QIMS-22-112-supplementary.pdf
https://cdn.amegroups.cn/static/public/QIMS-22-112-supplementary.pdf
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interval time between the two outlines was greater than one 
week. Inter-observer consistency was checked by examining 
the outcomes reported by Reader 2, who independently 
drew the ROI, and comparing them with the consequences 
of the first outcomes reported by Reader 1. The interclass 
correlation coefficient (ICC) was used as a measurement 
index in the intra- and inter-observer consistency evaluation. 
Intra- and inter-observer consistency were checked for all 
radiomics features generated from the ROIs extracted by 
Reader 1 and Reader 2. When the ICC score exceeded 
0.75, consistency was considered good (18). Due to the 
characteristics of voxel size and gray-scale dependence, not 
all radiomic features reached a satisfactory consistency (19).

Dimensionality reduction and model building

A large number of redundant radiomics features were 
used in the operation of the classifier, which would cause 
over-fitting and lead to dimensional disasters. To avoid 
this, it was necessary to select suitable features through 
dimensionality reduction. First, univariate analysis, 
including the independent samples t-test or the Mann-
Whiney U test, was applied to identify the features in each 
data set which exhibited a statistically significant difference 
between high and low MUC4 expression levels. A false 
discovery rate (FDR) was used to revise the P-value to 

decrease a risk type I error. Then, the minimum redundancy 
maximum relevance (MRMR) algorithm was applied 
to each data set to select a non-redundant and highly 
informative set of features. The top 15 features were picked 
out using MRMR. Then, principal component analysis 
(PCA) was applied for dimensionality reduction and feature 
selection. The main component features with the strongest 
discriminative power and cumulative variance of 90% were 
selected. The selected features of each dataset were modeled 
by multivariable logistic regression (see Appendix 3, which 
explains the process of feature selection and modeling). In 
addition, the most discriminative features from each dataset 
and clinical characteristics were combined to generate a 
joint radiomics model (combined model), and multivariable 
logistic regression was applied for modeling. A 5-fold, 
cross-validation method was used to verify the performance 
of the combined model. Several clinical characteristics, 
the size, and the differentiation degree of the tumor 
were selected via univariate analysis for the continuous 
variables and the Pearson chi-square test for the categorical 
variables to construct the clinical model. The area under 
the receiver operating characteristic (ROC) curve (AUC) 
and other evaluation metrics, such as accuracy, sensitivity, 
and specificity, were applied to evaluate the performance of 
these radiomics and clinical models. The DeLong test was 
used to compare the AUC among the four radiomics and 

Segmentation
Feature extraction

(350 features)
Analysis

(Dimension reduction and
modeling)

Group 1
Intensity histogram

Group 2 GLCM

Group 3 GLRLM

Group 4 Shape

2        4        6        8      10
PC

1.2 1.0  0.8  0.6 0.4  0.2  0.0 −0.2
Specificity

50

30

10
0

P
er

ce
nt

1.0

0.8

0.6

0.4

0.2

0.0

S
en

si
tiv

ity

AUC: 0.732

0.459 (0.700, 0.727)

Figure 3 The radiometric workflow. GLCM, gray level co-occurrence matrix; GLRLM, gray-level run-length matrix; PC, principal 
component; AUC, area under the curve.

https://cdn.amegroups.cn/static/public/QIMS-22-112-supplementary.pdf
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clinical models. 

Statistical analysis

Regarding the clinical data, continuous variables were 
assessed by univariate analysis. Pearson’s chi-square test or 
Fisher’s exact test were used to assess categorical variables 
and the data were analyzed using SPSS 23.0 (IBM Corp., 
Armonk, NY, USA). The dimensionality reduction and 
model-building processes of the radiomics features, 
including MRMR, PCA, multivariable logistic regression 
model, and ROC curve analyses, were implemented 
in R 3.5.2 (https://www.r-project.org/). Kfoldclass was 
implemented in Stata 15.0 (Stata Corp., College Station, 
TX, USA) for the 5-fold cross-validation. P value less than 
0.05 was considered statistically significant.

Results

Clinical data

A total of 52 patients with PDAC were included in this 
retrospective study. There were 22 cases with a high 
expression and 30 cases with a low expression of MUC4.  
Among the clinical characteristics, only tumor size and 
tumor differentiation were significantly different between 
the high- and low-MUC4 expression groups (P<0.05). 
We compared the OS between high- and low-MUC4 
expression groups and demonstrated that the higher the 
expression level of MUC4, the lower the 1-year survival 
rate of PDAC patients. The baseline characteristics were 
recorded in Table 2. The preoperative MRI of the MUC4 
expression status of patients with PDAC is shown in  
Figure 4.

Table 2 The characteristics of patients with PDAC

Characteristics MUC4 high expression (n=22) MUC4 low expression (n=30) Total P value

Age (years), medium [P25, P75] 66 [54, 68] 64 [49, 66] 64 [53, 67] 0.364

Gender 0.249

Male 11 19 30

Female 11 11 22

Location 0.506

Head or neck 19 27 46

Body or tail 3 3 6

Differentiation degree 0.000*

Highly differentiated 1 9 10

Moderately differentiated 11 21 32

Poorly differentiated 10 0 10

Size (cm3), medium (P25, P75) 13.75 (5.85, 27.19) 6.38 (2.09, 17.48) 7.50 (3.05, 18.00) 0.042*

Lymph node status 0.425

N− 14 21 35

N+ 8 9 17

OS

OS+ 6 20 26 0.005*

OS− 16 10 26

CA19-9 level (U/mL), medium (P25, P75) 247.67 (55.74, 972.65) 90.82 (44.37, 282.34) 149.96 (47.83, 573.35) 0.175

Data are presented as median (interquartile range). *, significant difference. N−, negative status; N+, positive status. PDAC, pancreatic 
ductal adenocarcinoma; OS, overall survival; MUC4, mucin 4; CA19-9, carbohydrate antigen 19-9.

https://www.r-project.org/
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Intra- and inter-observer agreement

The mean values of the interobserver agreement of 
radiomics features were 0.951 and 0.958 for the arterial 
phase model and portal phase model feature sets, 
respectively. For the intraobserver agreement, the mean 
values were 0.952 and 0.970 for the arterial phase and portal 
phase feature sets, respectively. Ultimately, through the 
ICC reliability test, the remaining features of the arterial 
phase and portal phase datasets were 336 and 334 for the 
following analysis, respectively.

Dimensionality reduction and model building

After single factor analysis, the selected features with a 
significant difference were 324 and 307 in the arterial phase 
and portal phase feature sets. We used the top 15 radiomics 
features after the MRMR algorithm for PCA analysis. For 
PCA dimensionality reduction, five principal component 
features of the arterial phase feature set and four principal 
component features of the portal phase feature set closely 
related to the MUC4 expression status of PDAC were 
selected. Combining these selected features of each feature 
set and clinical characteristics generated a combined 
radiomics model, including 11 features. Multivariable 
logistic regression was performed for the classifier. The 
AUCs of the arterial phase model, portal phase model, 
and combined model were 0.732 (0.591–0.872), 0.709 

(0.569–0.849), and 0.861 (0.760–0.961), respectively. The 
sensitivity/specificity of the arterial phase model, portal 
phase model, and combined model were 0.727/0.700, 
0.773/0.600, and 0.909/0.682, respectively. The AUC of 
the clinical model was 0.666 (0.600–0.682). The sensitivity 
and specificity of the clinical model were 0.682 and 0.600, 
respectively (Table 3). The combined model achieved the 
best performance among these radiomics and clinical 
models (comparing the AUC of all models: P<0.05), 
although no statistical significance was observed in the 
combined model vs. Arterial phase model. These results are 
shown in Figure 5. We used a 5-fold cross-validation to test 
the effectiveness of the combined model, and the results are 
shown in Figure 6.

Discussion

In this study, we presented a noninvasive imaging biomarker 
to preoperatively evaluate the MUC4 expression status of 
patients with PDAC. Our results suggested that radiomics 
models based on multi-sequence MRI features have the 
potential to distinguish between high and low status of 
MUC4 expression in PDAC. 

The microenvironment of the tumor is related to 
tumorigenesis and its progression. Previous studies (5,10,20) 
have confirmed that MUC4 increases the aggressiveness 
and malignancy of PDAC, making the prognosis of patients 
with PDAC poor. Our study compared the correlation 

A B C

D E F

Figure 4 The preoperative MRI of MUC4 expression status of patients with PDAC. (A-C) MRI of high MUC4 expression; (D-F) MRI 
of low MUC4 expression. The multi-sequence MRI shows an irregularly shaped tumor with hypo-intensity on T1WI (A,D) and mild 
enhancement on the arterial phase (B,E) and the portal venous phase (C,F). All blue arrows point to the lesion. MRI, magnetic resonance 
imaging; MUC4, mucin 4; PDAC, pancreatic ductal adenocarcinoma; T1WI, T1-weighted imaging.
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between OS and MUC4 expression levels, and the results 
are in line with the previous survey. The expression of 
MUC4 is negatively correlated with the survival rate of 
patients with PDAC. A series of studies have successfully 
linked tumor radiomics and biological behavior. For 

instance, Li et al. (16) used 41 texture features in a logistic 
regression model that could successfully predict the 
epidermal growth factor receptor (EGFR) expression 
status of low-grade glioblastoma. Wang et al. (21) used a 
radiomics model based on MRI to predict EGFR mutation 
in patients with lung adenocarcinoma, and achieved good 
results. However, few studies have established links between 
radiomics and pancreatic cancer. Permuth et al. (22)  
demonstrated that radiomics combined with messenger 
RNA (mRNA) expression could more accurately predict 
the pathology of intraductal papillary mucinous neoplasms. 
No study has reported on the application of radiomics 
in predicting the MUC4 expression status in patients  
with PDAC. 

Our study developed a non-invasive, quantitative, 
pre-operative radiomics model to predict the level of 
MUC4 expression in patients with PDAC. Five principal 
component features of the arterial phase feature set and four 
principal component features of the portal phase feature set 
were generated by applying a logistic regression method 
to each model. The prediction performance of the single 
sequence radiomics models and the clinical model were 
poor; the AUC values of the arterial phase model and portal 
phase model were 0.732 and 0.709, respectively. The AUC 
values among the arterial phase model, portal phase model, 
and clinical model showed no statistical significance. This 
may be associated with the fact that less information was 
extracted from a single sequence, such that the established 
model did not work well. In addition, the clinical model 
established by the size and differentiation degree of a tumor 
was inherently related to the prognosis of pancreatic cancer, 
and these clinical indicators were related to the expression 
of MUC4 in pancreatic cancer. The combined model 
achieved the best performance with a significantly higher 
AUC of 0.861 among these models. The same trend was 
seen in the sensitivity and accuracy; however, specificity was 
an exception, with that of the specificity of the arterial phase 
model being higher. These results suggested that combining 

Table 3 The performance of different models in distinguishing MUC4 expression status

Model AUC (95% CI) Sensitivity Specificity Accuracy 

Arterial phase model 0.732 (0.591–0.872) 0.727 0.700 0.692

Portal phase model 0.709 (0.569–0.849) 0.773 0.600 0.596

Combined model 0.861 (0.760–0.961) 0.909 0.682 0.933

Clinical model 0.666 (0.600–0.682) 0.682 0.600 0.654

MUC4, mucin 4; AUC, area under the curve; CI, confidence interval.
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Figure 6 The ROC curve of AUC compares the primary model 
and the test model. ROC, receiver operating characteristic; AUC, 
area under the curve.
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the arterial phase model, the portal phase model, and the 
clinical model together would increase the predictive value 
of the status of MUC4 expression. These results, associated 
with combining a multi-sequence, could provide more 
comprehensive information than any individual sequence. 
Our results were consistent with a previous study (23) 
which used a multi-sequence radiomics model to evaluate 
the pathological grade in bladder cancer and demonstrated 
that the joint model achieved the best performance. In 
addition, the combined model combined several of the most 
discriminative principal components selected from every 
single sequence, giving this model a particular advantage. 

Our study also evaluated the relationship between 
MUC4 expression level and gender, age, tumor location, 
tumor size, tumor differentiation, lymph node status, and 
CA19-9 level. Only the degree of tumor differentiation 
and tumor size significantly differed between the two 
groups. This may have been caused by the degree of tumor 
differentiation reflecting the tumor’s biological behavior; 
the lower the degree of differentiation, the more malignant 
the tumor. The tumor size was related to the clinical stage 
and reflected the clinical progress of the tumor (24). In 
general, the later the tumor stage, the higher the degree of 
malignancy. A meta-analysis conducted by Huang et al. (25)  
confirmed that MUC4 expression was related to tumor 
stage, malignancy, and lymph node status. However, there 
was no significant difference in the lymph nodes between 
the high- and low-MUC4 expression groups; this may have 
been related to their small sample size. In addition, several 
studies (26,27) have reported that the positive lymph node 
rate is positively correlated with the number of lymph nodes 
detected. Thus, the relatively few lymph node examinations 
conducted by our institution potentially led to a lower 
detection rate, which may have skewed the result. The 
clinical model was built by combining tumor size and tumor 
stage. Compared with the combined model in terms of 
performance, the combined model performed better. The 
expression of MUC4 reflected the microenvironment of 
pancreatic cancer. Radiomics can capture much information 
which is invisible to the naked eye and can thus reveal the 
tumor microenvironment. 

This study had some limitations. Our research was 
conducted retrospectively. Prospective studies are needed 
to assess MUC4 expression status. Furthermore, the small 
sample size does not support external validation, which is 
the most critical validation strategy (12). Thus, we used 
a five-fold cross-validation, which is the most frequently 
used internal validation approach (28). Multicenter and 

large-scale research needs to be performed to support our 
findings. Focusing on the arterial phase and portal phase 
sequences was another limitation of the study; however, 
a previous study (29) suggested that pancreatic cancer is 
better visualized in the arterial and portal phases. 

Conclusions

Our study confirmed that the radiomics model based 
on a multi-sequence MRI has the potentiality to predict 
MUC4 expression levels in PDAC. Our results provide the 
foundation for developing a non-invasive diagnostic method 
and better management of patients with PDAC.
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Supplementary

Appendix 1 Feature extraction

Four groups of radiomic features were extracted from IBEX: (1I) intensity histogram, including 9 statistical features; (2II) gray 
level co-occurrence matrix (GLCM), including 22 texture features; (3III) gray level run length matrix (GLRLM), including 
11 texture features; and (4IV) shape, including 16 texture features. 

For the intensity histogram, percentile and percentile area were calculated ranging from 5% to 95% (intervals, 5%); 
quantile was calculated by 0.25, 0.50, 0.75 and 0.95; the remaining 6 features were calculated by one parameter. Thus, in total 
48 features were generated. For GLCM, 4 directions (θ=0°, 45°, 90°, 135°) and 3 offsets (d=1, 4, 7) were measured. Thus, 
in total 264 features were generated. For GLRLM, 2 directions (θ=0°, 90°) and 1 offset (d=1) were measured. Thus, in total  
22 features were generated. All shape features were measured by one parameter, and there were 16 features in total. In total, 
350 features were included in our study. 

Appendix 2 Preprocessing methods for the data

Z-score standardization
Different radiomics features have different ranges of values, and features of different magnitudes are difficult to compare. 
Before further analysis, we used z-score standardization to eliminate the effects of different dimensions by scaling the values 
to a mean of 0 and a standard deviation of 1, using the following formula:

z = χ µ
σ
−

where μ is the population mean and σ is the population standard deviation.

Appendix 3 Features for modeling

After principal component analysis (PCA), characteristics with the largest variation and a cumulative variance of 90% of each 
individual feature set were selected for model building. Therefore, there were five principal component features (including 
PCA1, PCA2, PCA3, PCA4, and PCA5) in the arterial phase model and four principal component features (including PCA1, 
PCA2, PCA3, and PCA4) in the portal phase model. A combined model picked out the most discriminative feature of each 
feature set, including all of the principal component features, and clinical data, including the size and the differentiation 
degrees of the tumor were generated for model building. A logistic regression was applied for modeling, which is a regression 
method that eliminates variables that do not contribute much to the linear model.  


