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Abstract: To develop an efficient prognostic model based on preoperative magnetic resonance imaging (MRI) ra-
diomics for patients with pancreatic ductal adenocarcinoma (PDAC), the preoperative MRI data of PDAC patients
in two independent centers (defined as development cohort and validation cohort, respectively) were collected
retrospectively, and the radiomics features of tumors were then extracted. Based on the optimal radiomics features
which were significantly related to overall survival (0S) and progression-free survival (PFS), the score of radiomics
signature (Rad-score) was calculated, and its predictive efficiency was evaluated according to the area under re-
ceiver operator characteristic curve (AUC). Subsequently, the clinical-radiomics nomogram which incorporated the
Rad-score and clinical parameters was developed, and its discrimination, consistency and application value were
tested by calibration curve, concordance index (C-index) and decision curve analysis (DCA). Moreover, the predictive
value of the clinical-radiomics nomogram was compared with traditional prognostic models. A total of 196 eligible
PDAC patients were enrolled in this study. The AUC value of Rad-score for OS and PFS in development cohort
was 0.724 and 0.781, respectively, and the value of Rad-score was negatively correlated with PDAC’s prognosis.
Moreover, the developed clinical-radiomics nomogram showed great consistency with the C-index for OS and PFS
in development cohort was 0.814 and 0.767, respectively. In addition, the DCA demonstrated that the developed
nomogram displayed better clinical predictive usefulness than traditional prognostic models. We concluded that
the preoperative MRI-based radiomics signature was significantly related to the poor prognosis of PDAC patients,
and the developed clinical-radiomics nomogram showed better predictive ability, it might be used for individualized
prognostic assessment of preoperative patients with PDAC.
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Introduction PDAC patients [4]. Even with complete resec-
tion (RO), the risk of recurrence within 5 years

Pancreatic ductal adenocarcinoma (PDAC), remains high (more than 75%) [5]. Currently,

which accounts for approximately 80% of all
pancreatic tumors, is the most common prima-
ry malignant tumor of the pancreas [1]. Becau-
se of its stubborn characteristics of tending to
rapid progression and resistance to chemo-
therapy and radiotherapy, the 5-year survival
rate of PDAC usually do not exceed 5% [2, 3].
As one of the most important and potentially
curable treatments, surgical resection is app-
ropriate for only about 20% of newly diagnosed

there are evidence demonstrate that neoadju-
vant therapy can improve the RO resection rate
and disease-free survival of resectable PDAC
patients, however, multiple clinical trials have
shown that the preoperative treatment does
not significantly improve patients’ overall sur-
vival (0S) [6], this means that not all PDAC
patients benefit from neoadjuvant therapy.
Hence, accurate screening of patients with
poor prognosis and giving them timely neo-
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Figure 1. Workflow of the development of the clinical-radiomics nomogram.

adjuvant therapy are very important to improve
the overall prognosis of patients with PDAC.

Currently, the validated clinical prognostic mod-
els for PDAC mainly include American Joint
Committee on Cancer (AJCC) TNM staging sys-
tem and the levels of tumor markers, neverthe-
less, the accuracy of AJCC staging system mi-
ght vary depending on tumor location [7] and it
needs to be based on postoperative pathologi-
cal data, so it is not helpful for preoperative
prediction of patients’ prognostic risk. In addi-
tion, some studies have shown that there was
no significant correlation between preoper-
ative tumor marker levels and PDAC patients’
survival [8, 9]. Therefore, an efficient prognos-
tic model with high clinical applicability is
urgently needed to predict the survival of pre-
operative patients with PDAC. Due to the spa-
tial heterogeneity of solid tumors, to some
extent, the precision of molecular markers
based on pathological specimens in predicting
patients’ prognosis is reduced. However, this
heterogeneity offers great potential for me-
dical imaging, which can capture the heteroge-
neity within tumors in a non-invasive way [10].
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From this, the concept of “radiomics” was first-
ly proposed by Lambin P. et al. in 2012 [10].
Radiomics can extract large amounts of image
features from radiographic images in a high-
throughput way, and use feature algorithm to
deeply excavate and analyze these data, so as
to provide more information reflecting internal
heterogeneity and biological behavior of malig-
nancies for clinical decision making [10, 11].

At present, the development of radiomics in
tumors mainly include diagnosis, prognostic
prediction, preoperative staging and assess-
ment of treatment response [12-15]. Previous
studies have shown that computed tomogra-
phy (CT)-based radiomics was significantly
associated with PDAC patients’ prognosis [9,
16], however, radiomics based on magnetic
resonance imaging (MRI), which has superior
soft tissue contrast to CT, have been poorly
studied in predicting the prognosis of PDAC,
and most of the previous studies were focused
on the evaluation of early recurrence [17],
response to treatments [18] and preoperative
prediction of tumor-infiltrating lymphocytes
[19]. Therefore, it is of certain clinical value to
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Table 1. Clinical characteristics of enrolled patients

Variables Development Validation
cohort (n, %) cohort (n, %)
Gender 0.643
Male 77 (53.1%) 29 (56.9%)
Female 68 (46.9%) 22 (43.1%)
Age, years 0.872
<60 53 (36.6%) 18 (35.3%)
> 60 92 (63.4%) 33 (64.7%)
Tumor location 0.321
head 125 (86.2%) 41 (80.4%)
body and tail 20 (13.8%) 10 (19.6%)
Maximum diameter of tumor 0.071
<4cm 92 (63.4%) 25 (49.0%)
>4 cm 53 (36.6%) 26 (51.0%)
Differentiated degree 0.805
High 15 (10.3%) 7 (13.7%)
Medium 92 (63.4%) 31(60.8%)
Low 38 (26.2%) 13 (25.5%)
AJCC staging 0.848
| 23 (15.9%) 7 (13.7%)
Il 96 (66.2%) 36 (70.6%)
1 26 (17.9%) 8 (15.7%)
T staging 0.192
T1 24 (16.6%) 6 (11.8%)
T2 68 (46.9%) 19 (37.3%)
T3 53 (36.6%) 26 (51.0%)
N staging 0.872
NO 49 (33.8%) 17 (33.3%)
N1 69 (47.6%) 26 (51.0%)
N2 27 (18.6%) 8 (15.7%)
Vascular invasion 0.423
No 73 (50.3%) 29 (56.9%)
Yes 72 (49.7%) 22 (43.1%)
Nerve invasion 0.226
No 71 (49.0%) 30 (58.8%)
Yes 74 (51.0%) 21 (41.2%)
BMI (Kg/m?) 0.686
<24 72 (49.7%) 27 (52.9%)
>24 73 (50.3%) 24 (47.1%)
CEA (ng/ml) 0.639
<5 36 (24.8%) 11 (21.6%)
>5 109 (75.2%) 40 (78.4%)
CA19-9 (U/ml) 0.906
<37 64 (44.1%) 23 (45.1%)
> 37 81 (55.9%) 28 (54.9%)
Smoking history 0.201
No 110 (75.9%) 34 (66.7%)
Yes 35(24.1%) 17 (33.3%)
2034

develop a prognostic model based
on MRI radiomics for PDAC.

In this study, we used related algo-
rithm to extract and screen out
the radiomics features of preoper-
ative MRI images which were sig-
nificantly relevant to the prognosis
of PDAC, and calculated the score
of radiomics signature (Rad-sco-
re), then a clinical-radiomics nomo-
gram was developed and externa-
lly validated. The analysis showed
that the preoperative MRI-based
radiomics nomogram could effec-
tively predict the OS and progres-
sion-free survival (PFS) in patients
with PDAC, which may potentially
help to make the personalized th-
erapy in PDAC.

Materials and methods

Patients

In this two-center retrospective
prognostic study, patients with
pathologically diagnosed PDAC in
the Affiliated Hospital of Xuzhou
Medical University and Taizhou
People’s Hospital from January
2013 to December 2019 were
selected according to the following
inclusion and exclusion criteria,
the cases from the Affiliated Hos-
pital of Xuzhou Medical University
were included in the development
cohort, and the cases from Tai-
zhou People’s Hospital were inclu-
ded in the validation cohort. Inclu-
sion criteria: (1) over 18 years old;
(2) patients who did not receive
preoperative anti-cancer therapies
such as radiotherapy, chemothera-
py, targeted therapy and/or immu-
notherapy; (3) preoperative MRI
images were available within 2
weeks before surgery. Exclusion
criteria: (1) lacking complete clini-
cal data and follow-up data; (2)
simultaneously combined with
other malignant tumors; (3) pa-
tients who died of surgical compli-
cations within 30 days after sur-
gery; (4) the quality of MRI images
was poor.

Am J Cancer Res 2022;12(5):2032-2049
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Drinking history
No 107 (73.8%) 34 (66.7%)
Yes 38(26.2%) 17 (33.3%)
Hypertension
No 98 (67.6%) 37 (72.5%)
Yes 47 (32.4%) 14 (27.5%)
Diabetes
No 116 (80.0%) 37 (72.5%)
Yes 29 (20.0%) 14 (27.5%)
Clinical symptoms
No 8 (5.5%) 5 (9.8%)
Yes 137 (94.5%) 46 (90.2%)
Therapeutic regimen
Surgery alone 61 (42.1%) 22 (43.1%)
Surgery + chemotherapy 67 (46.2%) 23 (45.1%)
Surgery + radiotherapy 3(2.1%) 1 (2.0%)
Surgery + chemoradiotherapy 2 (1.4%) 0 (
Other 12 (8.3%) 5 (

0.33 tract radiomics features (Figure 1).
The final ROIs were reviewed and
confirmed by multiple senior radia-
tion oncologists who were masked

0.51 to the patients’ clinical outcomes,
any disagreements were resolved
by consensus.

0.269
Extraction of radiomics features

0.99 In order to minimize the bias cau-

’ sed by non-tumor-related factors,
we used Pyradiomics (version 3.0)
to conduct the standardized pre-

0.935

processing of MRl images and the
extraction of radiomics features.
Using the internal parameters of
“Setting” to set the following pa-

rameters: “Normalize”, “normalize-
resampled-

Collection of clinical data and segmentation of
region of interest

The following clinical parameters of enrolled
patients were collected from the electronic
medical records system, including: gender,
age, clinical symptoms, tumor location, the
maximum diameter of tumor, differentiated
degree, TNM stage (according to the 8" edition
of AJCC staging system), vascular invasion,
neurological invasion, body mass index (BMI),
levels of carcino-embryonic antigen (CEA) and
carbohydrate antigen 19-9 (CA19-9), smoking
and drinking history, history of hypertension
and diabetes, therapeutic regimen. The follow-
up ended on December 30, 2020, and the pri-
mary endpoints were OS and PFS.

The preoperative MRI images of all enrolled
patients were taken from the Picture Archiving
and Communication Systems (PACS) and ex-
ported in digital imaging and communications
in medicine (DICOM) format. Since the MRI
scanning equipments, scanning sequences
and parameters were different in the two cen-
ters, in order to minimize the bias caused by
confounding factors, only T2-weighted imaging
(T2WI) sequence was used for subsequent
radiomics analysis in this study. MRl images in
DICOM format were imported into the image
segmentation system ITK-SNAP (version 3.6.0,
www.itksnap.org), and the region of interest
(ROI) was manually delineated along the tumor
edge at the layer of maximum diameter to ex-
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Scale”, “interpolator”, “

PixelSpacing”, “binWidth” and “vox-

elArrayShift”. Setting the following
parameters in “Image Type”: original, laplacian
of gaussian filter (LoG) and wavelet filter. Bas-
ed on all possible combinations of high (H)-
pass filter and low (L)-pass filter, eight types of
wavelet features were obtained and labeled as
LLH, LHL, LHH, HLL, HLH, HHL, HHH and LLL.
Setting the following parameters in “Feature”:
first order statistics, shape, gray-level co-oc-
currence matrix (GLCM), gray-level run length
matrix (GLRLM), gray-level size zone matrix
(GLSZM), gray-level dependence matrix (GL-
DM), etc.

In order to avoid the overfitting of feature data,
the least absolute shrinkage and selection
operator (LASSO) regression analysis was us-
ed to conducting dimensionality reduction of
radiomics features in the development cohort.
Using LASSO-Cox regression model and 10-
fold cross-validation to screen out the optimal
radiomics features with non-zero coefficients.

Development and evaluation of radiomics sig-
nature

We then used the optimal radiomics features
to build the radiomics signature and weighted
these features with their corresponding regres-
sion coefficients, and finally summed them up
to obtain Rad-score for each patient. Area
under the curve (AUC) was calculated using
receiver operator characteristic (ROC) curve to
assess the accuracy of radiomics signature in
predicting prognosis. According to Rad-score’s
optimal truncation value which was determin-
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Figure 2. Selection of the optimal radiomics features from the development cohort. Tuning parameter (lambda)
selection in least absolute shrinkage and selection operator regression analysis for OS (A) and PFS (C) used 10-fold
cross-validation as the minimum criteria. The log lambda (x-axis) is plotted against the partial likelihood deviance
(y-axis). The vertical lines are drawn at the optimal value of lambda for OS (lambda = 0.107315, B) and PFS (lambda

=0.118474, D).

ed by the Jorden index, all patients were divid-
ed into high Rad-score group and low Rad-
score group, baseline characteristics and prog-
nosis were then compared between the two
groups.

Development and assessment of the clinical-
radiomics nomogram

Univariate Cox regression was first used to ana-
lyze the relationship between clinical parame-
ters, Rad-score and the prognosis of PDAC.
Variables with P < 0.05 were then included into
the multivariate analysis to determine the inde-
pendent risk factors of prognosis, which were
subsequently used to develop a novel clinical-
radiomics nomogram to predict the OS and
PFS. We then performed internal validation
and external validation in the development and
validation cohorts, respectively, and tested the
predictive efficacy of this clinical-radiomics no-
mogram by calculating the concordance index

2036

(C-index). A calibration curve was plotted with
1000 resamples to assess the consistency
between the observed risk and the predicted
risk of the nomogram.

In addition, two additional predictive models
were used to assess the prognosis, one model
was based on the 8" AJCC staging system of
PDAC and the other was based on independent
risk factors among clinical parameters. Sub-
sequently, decision curve analysis (DCA) was
used to compare the prognostic value of clini-
cal-radiomics nomogram with the above two
models, and to analyze the clinical application
value of this nomogram by quantitatively mea-
suring the net benefit under different threshold
probabilities.

Statistical analysis

In this study, SPSS software (version 25.0) and
R software (version 3.6.1) were used for statis-

Am J Cancer Res 2022;12(5):2032-2049
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Table 2. Optimal radiomics features associated with prognosis and their corresponding coefficients

from the development cohort

Feature

Coefficent

0s original_gldm_DependenceVariance
log.sigma.5.0.mm.3D_glcm_Imc2
wavelet.LLH_firstorder_10Percentile
wavelet.LLH_firstorder_Mean
wavelet.LHL_glcm_Correlation
wavelet.LHL_glcm_DifferenceEntropy
wavelet.LHL_glszm_ZoneVariance
wavelet.LHH_glszm_SmallAreaEmphasis
wavelet.HLL_glcm_Imc2
wavelet.HLH_glcm_DifferenceVariance
wavelet.HLH_glcm_Imc2
wavelet.HHL_glcm_ClusterShade

PFS original_glrim_LongRunEmphasis
wavelet.LLH_firstorder_10Percentile
wavelet.LLH_firstorder_Kurtosis
wavelet.LHL_glszm_LargeAreaEmphasis
wavelet.LHL_glszm_ZoneVariance
wavelet.LHH_firstorder_Uniformity
wavelet.LHH_glcm_Imc2
wavelet.HLH_glcm_Contrast
wavelet.HLH_glcm_DifferenceVariance
wavelet.HHL_glcm_ClusterShade

wavelet.HHL_glszm_LargeArealLowGrayLevelEmphasis

-0.203855455575152
0.724545023945380
0.000594508043691
0.000600990342681
0.673884692402828
-0.151955758019423
0.425537714201555
-0.664303013620779
-1.666710281139970
-0.001120927223751
-6.692539643367370
0.000129507265119
-0.971744337864066
0.000714077093010
0.008034973600428
0.046151959378921
0.455979566294932
1.914692649179020
-12.453403725496700
-0.000001700231086
-0.001502869327855
0.000118729830465
-0.221256029568318

tical analysis. The normality of quantitative
data was tested by Kolmogorov-Smirnov meth-
od. Continuous variables are expressed as
mean and standard deviation and compared by
independent-sample t test, whereas categori-
cal variables are expressed as the frequency
and proportion and compared by Chi-square
test or Fisher's exact test, when appropriate.
Cox regressions analysis was used to assess
the association of variables with OS and PFS
and calculate the hazard ratios (HRs) and 95%
confidence intervals (Cls). Differences in OS
and PFS between high Rad-score group and
low Rad-score group were estimated with
Kaplan-Meier method and compared by Log-
rank test. P < 0.05 was considered statistically
significant.

Results
The clinical characteristics of enrolled patients

After strict screening, a total of 196 eligible
PDAC patients were enrolled in this study,
including 145 cases in development cohort
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and 51 cases in validation cohort, all patients
received RO resection, and their clinical cha-
racteristics were shown in Table 1, and there
were no significant difference in clinical cha-
racteristics between the two groups. The medi-
an follow-up was 222 days, and no distant
metastasis was observed before surgery, 61
patients (31.12%) developed local recurrence
and distant metastasis during postoperative
follow-up.

The radiomics signature was developed based
on optimal radiomics features

In this study, 960 radiomics features were
obtained from the ROl in the development
cohort. After dimensionality reduction, the nu-
mber of optimal radiomics features which were
dramatically related to OS and PFS were 12
and 11, respectively (Figure 2; Table 2), and
most of the optimal radiomics features were
wavelet filter and GLCM related, among them,
“wavelet.HLH_glcm_Imc2” had a significant
negative correlation with OS with a coefficient

Am J Cancer Res 2022;12(5):2032-2049
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Figure 3. The value level of Rad-score among PDAC patients under different survival or disease states. The distribu-
tion of Rad-score for OS in development cohort (A) and validation cohort (B). O (blue) represents alive population,
and 1 (yellow) represents dead population. The distribution of Rad-score for PFS in development cohort (C) and
validation cohort (D). O (blue) represents progression-free survival, and 1 (yellow) represents recurrence, metasta-

sis and/or death.

of -6.69, while “wavelet.LHH_glcm_Imc2” had
a significant negative correlation with PFS with
a coefficient of -12.45. Then we used these
radiomics features to build the radiomics signa-
ture, and the OS- or PFS-related Rad-score
(named Rad-score_OS or Rad-score_PFS) were
calculated based on the formula as shown in
Supplementary Figure 1. Subsequently, we
analyzed the distribution of Rad-score_0S and
Rad-score_PFS in PDAC patients with different
survival states. The results showed that, in
both the development and validation cohorts,
the value of Rad-score_OS of dead patients
was significantly higher than alive population
(Figure 3A and 3B), and the value of Rad-
score_PFS of patients who suffered from can-
cer recurrence, metastasis and/or death was
obviously higher than those without disease
progression (Figure 3C and 3D).

ROC curve was then used to evaluate the per-
formance of this calculated Rad-score and

2038

determine the optimal truncation value. As
shown in Figure 4, The AUC values of Rad-
score_0S were 0.724 (development cohort)
and 0.771 (validation cohort), and the optimal
truncation value corresponding to the maxi-
mum Jorden index was -8.634; The AUC values
of Rad-score_PFS were 0.781 (development
cohort) and 0.803 (validation cohort), and the
optimal truncation value corresponding to the
maximum Jorden index was -13.30.

The developed radiomics signature was signifi-
cantly related to the poor prognosis of PDAC
patients

According to the optimal truncation value, all
patients were then divided into high Rad-score
group and low Rad-score group. After compar-
ative analysis, we found that, in the develop-
ment cohort, there were significant differences
between the high Rad-score_0S group and the
low Rad-score_QOS group on tumor location, dif-

Am J Cancer Res 2022;12(5):2032-2049
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ferentiated degree, AJCC staging, N staging,
vascular invasion and CA19-9 level, and signi-
ficant differences were also existed between
the two groups on tumor location, differentiat-
ed degree and nerve invasion in the validation
cohort (Table 3). In addition, our results also
indicated that, both in the development and
validation cohorts, there were significant differ-
ences on tumor location, differentiated degree
and AJCC staging between the high Rad-score_
PFS group and the low Rad-score_PFS group,
as detailed in Table 4. Furthermore, our results
also indicated that, compared with high Rad-
score_PFS group, the patients in the low Rad-
score_PFS group had a significant lower inci-
dence of recurrence and metastasis (Table 4).

Subsequently, we further analyzed the influ-
ence of radiomics signature on patients’ OS

2039

and PFS, and the results illustrated that the OS
and PFS of PDAC patients in the low Rad-score
group were significantly better than those in the
high Rad-score group (Figure 5), which indicat-
ed that the radiomics signhature was strongly
associated with the poor outcomes of PDAC
patients.

The developed clinical-radiomics nomogram
outperformed traditional models in evaluating
the prognosis of patients with PDAC

After univariate Cox regression analysis, we
found that differentiated degree, AJCC staging,
N staging, vascular invasion, level of CEA and
CA19-9, therapeutic regimen and Rad-score
were significant risk factors affecting OS and
PFS (Table 5). The above significant risk factors
were then brought into the multivariate Cox

Am J Cancer Res 2022;12(5):2032-2049
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Table 3. Correlation analysis of OS-related radiomics signature with clinical parameters

Development cohort (n = 145) Validation cohort (n = 51)
Variables Low Rad-score High Rad-score p Low Rad-score High Rad-score
group group group group

Gender 0.491 0.693
Male 55 22 21 8
Female 52 16 17 5

Age, years 0.257 0.286
<60 42 11 15 3
> 60 65 27 23 10

Tumor location 0.009 0.005
head 97 28 34 7
body and tail 10 10 4 6

Maximum diameter of tumor 0.965 0.811
<4cm 68 24 19 6
>4 .cm 39 14 19 7

Differentiated degree <0.001 0.014
High 15 0 7 0
Medium 75 17 25 6
Low 17 21 6 7

AJCC staging <0.001 0.085
I 23 0 7 0
Il 73 23 27 9
I 11 15 4 4

T staging 0.643 0.869
T1 16 8 5 1
T2 52 16 14 5
T3 39 14 19 7

N staging <0.001 0.120
NO 42 7 15 2
N1 53 16 19 7
N2 12 15 42 4

Vascular invasion 0.007 0.121
No 61 12 24 5
Yes 46 26 14 8

Nerve invasion 0.325 0.017
No 55 16 26 4
Yes 52 22 12 9

BMI (Kg/m?) 0.743 0.940
<24 54 18 20 7
>24 53 20 18 6

CEA (ng/ml) 0.053 0.159
<5 31 5 10 1
>5 76 33 28 12

CA19-9 (U/ml) 0.010 0.577
<37 54 10 18 5
> 37 53 28 20 8

Smoking history 0.715 0.363
No 82 28 24 10
Yes 25 10 14 3

2040 Am J Cancer Res 2022;12(5):2032-2049
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Drinking history 0.655 0.650
No 80 27 26 8
Yes 27 11 12 5

Hypertension 0.595 0.756
No 71 27 28 9
Yes 36 11 10 4

Diabetes 0.777 0.756
No 85 31 28 9
Yes 22 7 10 4

Clinical symptoms 0.936 0.433
No 6 2 3 2
Yes 101 36 35 11

Table 4. Correlation analysis of PFS-related radiomics signature with clinical parameters

Development cohort (n = 145) Validation cohort (n = 51)
Variables Low Rad-score High Rad-score p Low Rad-score High Rad-score
group group group group
Gender 0.963 0.424
Male 45 32 18 11
Female 40 28 16 6
Age, years 0.283 1.000
<60 28 25 12 6
> 60 57 35 22 11
Tumor location 0.021 0.046
head 78 47 30 11
body and tail 7 13 4 6
Maximum diameter of tumor 0.469 0.428
<4cm 56 36 18 7
>4 .cm 29 24 16 10
Differentiated degree <0.001 0.015
High 15 0 7 0
Medium 59 33 22 9
Low 11 27 5 8
AJCC staging <0.001 0.038
I 21 2 7 0
Il 57 39 24 12
1 7 19 3 5
T staging 0.737 0.582
T1 14 10 5 1
T2 42 26 13 6
T3 29 24 16 10
N staging 0.002 0.084
NO 35 14 14 3
N1 42 27 17 9
N2 8 19 3 5
Vascular invasion 0.006 0.318
No 51 22 21 8
Yes 34 38 13 9
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Nerve invasion

No 47

Yes 38
BMI (Kg/m?)

<24 47

>24 38
CEA (ng/ml)

<5 23

>5 62
CA19-9 (U/ml)

<37 45

> 37 40
Smoking history

No 64

Yes 21
Drinking history

No 63

Yes 22
Hypertension

No 60

Yes 25
Diabetes

No 68

Yes 17
Clinical symptoms

No 6

Yes 79
Recurrence and/or metastasis

No 69

Yes 16

24
36

25
35

13
a7

19
41

46
14

44
16

38
22

48

12

58

31
29

0.070 0.003
25 5
9 12

0.106 1.000
18 9
16 8

0.459 0.229
9 2
25 15

0.011 0.320
17 6
17 11

0.849 0.294
21 13
13 4

0.916 0.834
23 11
11 6

0.358 0.824
25 12
9 5

1.000 0.375
26 11
8 6

0.333 0.739
3 2
31 15

<0.001 0.019
27 8
7 9

regression model, and the results showed that
the levels of CEA and CA19-9, therapeutic regi-
men and Rad-score_0S (HR: 4.495, 95% ClI:
2.315~8.729, P < 0.001) were independent
prognostic factors affecting OS, while the dif-
ferentiated degree, CA19-9 level and Rad-
score_PFS (HR: 3.821, 95% Cl: 1.859~7.852, P
< 0.001) were independent prognostic factors
affecting PFS (Table 6). Based on the above
independent prognostic risk factors, two clini-
cal-radiomics homograms were developed to
predict OS and PFS, respectively (Figure 6).

Subsequently, three methods were used to
evaluate the performance of the developed
clinical-radiomics nomograms. First, the cali-
bration curves shown in Figure 7A-D indicated
adequate consistency between estimated risks
using the nomograms and the actual observed
outcomes in the two cohorts. Then, we devel-
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oped another two models, a traditional AJCC
staging system model and a clinical model con-
taining only clinical characteristics which were
independently related to worse OS and PFS,
the results showed that, both in the develop-
ment and validation cohorts, the C-index val-
ues of the clinical-radiomics nomograms (OS:

C_indeXDevelopment cohort = 0814' C_mdexValidation cohort
= 0.790; PFS: C-index,, o ot conot = 0-767,
C-index = 0.757) were higher than

Validation cohort

the two traditional models (Table 7), suggest-
ing that our developed clinical-radiomics nomo-
grams outperformed clinical model and AJCC
staging system model in terms of survival esti-
mation in PDAC patients. Finally, the results of
DCA suggested that the clinical-radiomics
nomograms generated more clinical net bene-
fit at most threshold probabilities (Figure 7E
and 7F), which further verified the efficient pre-
dictive power of the nomograms.
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Figure 5. Kaplan-Meier analysis according to the optimal truncation value of Rad-score in development cohort (left
pane) and validation cohort (right pane). A, B. OS; C, D. PFS.

Discussion

PDAC is a highly heterogeneous malignant
tumor, and the prognosis of PDAC patients in
identical stages vary greatly [20, 21]. Neo-
adjuvant therapy may be an ideal choice for
PDAC patients with poor prognosis, and the
National Comprehensive Cancer Network gui-
deline recommends neoadjuvant chemothera-
py for high risk resectable PDAC patients [22].
Therefore, accurate prognostic assessment is
crucially important for the identification of
those patients who might benefit from preop-
erative treatments, and it could help clinicians
to make individualized and efficient antineo-
plastic regimens. However, we have to face a
practical problem that there is no ideal preop-
erative biomarker or model to predict the prog-
nosis of PDAC patients except CA19-9, a se-
verely limited biomarker [23].

Currently, radiomics has been widely explored
in survival estimation of different types of can-
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cers including non-small cell lung cancer,
breast cancer, gastric cancer and PDAC [16,
24-271, but almost all of the previously devel-
oped radiomics nomograms for survival predic-
tion of PDAC patients were based on CT [16,
28-32]. In the study of Xie T. et al., Rad-score
was identified as an independent prognostic
factor in PDAC patients, and the CT-based
radiomics nomogram which integrated Rad-
score and clinical data provided better prog-
nostic prediction in patients with resected
PDAC [16]. Cen C. et al. constructed a nomo-
gram model that combined clinical characteris-
tics and radiomics signatures which were
extracted from arterial phase or portal venous
phase images of contrast-enhanced CT, they
demonstrated that the nomogram model had
an excellent performance in predicting OS of
PDAC patients [31]. However, studies on devel-
oping a radiomics nomogram based on MRI to
predict the prognosis of preoperative PDAC
patients was rare.
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Table 5. Univariate Cox regression analysis of risk factors associated with OS and PFS from the devel-

opment cohort

) 0S PFS
Variables
HR 95% Cl P HR 95% Cl P

Gender 0.491 0.571
Male 1 1
Female 1.163 0.756~1.79 1.121 0.754~1.667

Age, years 0.333 0.457
<60 1 1
> 60 1.25 0.796~1.962 0.858 0.574~1.284

Tumor location 0.998 0.698
head 1 1
body and tail 1.001 0.517~1.94 1.119 0.633~1.978

Maximum diameter of tumor 0.515 0.853
<4cm 1 1
>4 cm 0.859 0.543~1.358 1.04 0.684~1.582

Differentiated degree < 0.001 <0.001
High 1 1
Medium 1.938 0.874~4.299 2.037 0.958~4.329
Low 15.773 6.321~39.355 22.944  9.238~56.988

AJCC staging <0.001 <0.001
I 1 1
Il 3.796 1.848~7.799 3.677 1.888~7.163
1 14125 5.893~33.856 14.420 6.503~31.976

T staging 0.663 0.839
T1 1 1
T2 0.84 0.484~1.46 0.859 0.507~1.454
T3 0.762 0.423~1.373 0.933 0.535~1.629

N staging <0.001 <0.001
NO 1 1
N1 3.61 2.038~6.394 3.215 1.905~5.426
N2 7641  3.874~15.072 7.443 4.030~13.744

Vascular invasion 0.030 0.044
No 1 1
Yes 1.618 1.049~2.497 1.506 1.011~2.245

Nerve invasion 0.103 0.021
No 1 1
Yes 1.432 0.93~2.204 1.598 1.073~2.381

BMI (Kg/m?) 0.889 0.720
<24 1 1
>24 1.031 0.671~1.585 1.076 0.722~1.603

CEA (ng/ml) 0.001 0.010
<5 1 1
>5 2.468 1.458~4.175 1.851 1.160~2.953

CA19-9 (U/ml) <0.001 <0.001
<37 1 1
> 37 2971 1.885~4.683 3.390 2.201~5.221

Smoking history 0.406 0.860
No 1 1
Yes 0.776 0.426~1.413 1.047 0.630~1.740
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Drinking history

No 1

Yes 0.944 0.566~1.573
Hypertension

No 1

Yes 0.734 0.454~1.188
Diabetes

No 1

Yes 1.05 0.616~1.788
Clinical symptoms

No 1

Yes 1.737 0.633~4.766
Therapeutic regimen

Surgery alone 1

Surgery + chemotherapy 0.345 0.217~0.547

Surgery + radiotherapy 0.481 0.147~1.578

Surgery + chemoradiotherapy 0 0~3.345

Other 0.188 0.066~0.534
Rad-score 10.386 5.785~18.648

A radiomics nomogram for prognostic prediction in PDAC

0.824 0.933
1
1.020 0.644~1.616
0.208 0.722
1
0.925 0.603~1.419
0.859 0.403
1
1.234 0.754~2.017
0.283 0.142
1
2.128 0.776~5.830
<0.001 0.022
1
0.554 0.362~0.847
0.650 0.199~2.125
0.945 0.228~3.922
0.288 0.113~0.734
< 0.001 11.213 6.007~20.932 < 0.001

In this study, we retrospectively enrolled 196
PDAC patients from two independent centers,
based on the clinical data of these cases, we
identified several optimal radiomics features,
especially “wavelet.HLH_glcm_Imc2” and “wa-
velet.LHH_glcm_Imc2” which robustly reflect-
ed the OS and PFS of PDAC patients, and most
of these radiomics features included high-order
radiomic features, such as GLCM, which mea-
sured the spatial relationship between local
nearby pixels and potentially reflected the bio-
logical characteristics and heterogeneity of
tumors [17, 33]. Moreover, in addition to CA19-
9 and the degree of differentiation, previous
study had demonstrated that the AJCC stag-
ing system was suitable for resected PDAC
patients, and the N staging had superior accu-
racy in predicting survival than T staging [34],
which was further verified in this study. How-
ever, the use of a single clinical characteristic
to predict the prognosis of PDAC patients was
insufficient, because it was likely to oversimpli-
fy the complexity of biological behaviors of
tumors. Therefore, it is necessary to construct
a multiomics model to efficiently and accurate-
ly evaluate the prognosis of PDAC patients.
Based on this, we then developed a novel pre-
operative clinical-radiomics nomogram which
incorporated clinical parameters and radiomics
signatures extracted from MRI images, our re-
sults indicated that the developed MRI-based
radiomics nomogram displayed a greater net
benefit than traditional prognostic prediction
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models, and it might act as an individual and
easy-to-use model for prognosis prediction in
patients with PDAC.

However, this study has several limitations.
First, although we performed standardized pre-
processing of MRI images for each patient, it
was inevitable that there was still some hetero-
geneity due to the retrospective nature of the
study. Second, only T2WI sequence was used
and analyzed in this study, if multiple sequence
images of MRI can be used to develop the
nomogram without additional bias, it is possi-
ble to more truly reflect the characteristics of
PDAC. Third, the median follow-up was 222
days in this study with relatively small sample
size, future prospective trials with a longer fol-
low-up and a larger sample size are needed to
validate and optimize our clinical-radiomics
nomogram so as to provide more accurate
prognostic predictions.

Conclusions

In this retrospective prognostic study, we devel-
oped and externally validated a preoperative
clinical-radiomics nomogram which incorporat-
ed the radiomics signature and several clinical
parameters for PDAC survival prediction. The
results suggested that the developed clinical-
radiomics nomogram outperformed traditional
models in evaluating the prognosis of patients
with PDAC, and it might assist clinicians in
determining personalized therapeutic regimen

Am J Cancer Res 2022;12(5):2032-2049



A radiomics nomogram for prognostic prediction in PDAC

Table 6. Multivariate Cox regression analysis of independent risk factors associated with OS and PFS

from the development cohort

. (0] PFS
Variables
HR 95% Cl P HR 95% Cl P
Differentiated degree 0.053 0.003
High 1 1
Medium 0.864 0.331~2.256 1.077 0.404~2.868
Low 3.708 1.018~13.508 5.289 1.475~18.965
N staging 0.290 0.416
NO 1 1
N1 1.997 0.984~4.053 1.602 0.833~3.081
N2 0.911 0.068~12.182 0.208 0.014~3.192
Vascular invasion 0.815 0.757
No 1 1
Yes 1.026 0.644~1.635 0.828 0.517~1.324
Nerve invasion _ 0.861
No _ 1
Yes 0.920 0.569~1.489
CEA (ng/ml) 0.017 0.276
<5 1 1
>5 1.702 0.791~3.662 1.130 0.564~2.262
CA19-9 (U/ml) 0.011 0.022
<37 1 1
> 37 1.940 0.939~4.009 1.825 0.958~3.478
Therapeutic regimen 0.002 0.175
Surgery alone 1 1
Surgery + chemotherapy 0.326 0.198~0.536 0.780 0.502~1.211
Surgery + radiotherapy 0.261 0.056~1.208 1.822 0.312~10.649
Surgery + chemoradiotherapy 0 0~1.299 2.072 0.453~9.477
Other 0.242 0.081~0.717 0.504 0.186~1.364
Rad-score 4.495 2.315~8.729 <0.001 3.821 1.859~7.852 < 0.001
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Figure 6. The developed clinical-radiomics nomogram incorporating the Rad-score and clinical parameters to pre-
dict OS (A) and PFS (B) for PDAC patients. The OS-related radiomics signature or PFS-related radiomics signature of
PDAC patient is located on the Rad-score axis, the point for each variable was achieved by drawing a line straight
upward to the point axis, and the points of variables were then summed. The final sum is located on the total points
axis, then a line is drawn down to find out the 1/2/3-year OS or PFS probability.
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Figure 7. Calibration curves and decision-curve analysis of the clinical-radiomics nomogram. The consistency of
predicted OS with actual OS in the development and validation cohorts are shown in (A and B), respectively. The
consistency of predicted PFS with actual PFS in the development and validation cohorts are shown in (C and D),
respectively. OS or PFS predicted by the clinical-radiomics nomogram is plotted on the x-axis, and the actual OS or
PFS is plotted on the y-axis, the gray diagonal line represents the reference line showing the “ideal” prediction, the
red line represents the performance of the clinical-radiomics nomogram in prognostic prediction, the closer the red
line is to the gray diagonal line, the higher the consistency between the predicted results and the actual results. (E
and F) Represent the decision-curve analysis for OS and PFS, respectively. The threshold probability is shown on the
x-axis and the net benefit is shown on the y-axis, the clinical-radiomics nomogram (green dotted line) achieves the
highest net benefit compared to AJCC staging system model (red line), clinical model (yellow dotted line), treat-all
strategy (blue dotted line), and the treat-none strategy (horizontal red dotted line).

Table 7. The C-index values of the developed clinical-radiomics nomogram and other two traditional
models

Models Development cohort (n = 145) Validation cohort (n = 51)
C-index 95% CI C-index 95% Cl

(O8] Clinical-Radiomics nomogram 0.814 0.769~0.859 0.790 0.714~0.866

Traditional AJCC staging model 0.689 0.636~0.742 0.655 0.563~0.747

Traditional clinical model 0.798 0.757~0.839 0.758 0.685~0.831

PFS Clinical-Radiomics nomogram 0.767 0.724~0.810 0.757 0.677~0.837

Traditional AJCC staging model 0.690 0.641~0.739 0.654 0.554~0.754

Traditional clinical model 0.741 0.700~0.782 0.707 0.631~0.783
selections for PDAC patients. However, the clin- Grant 2019TD003; Xuzhou Key Research and
ical-radiomics nomogram still require further Development Program undere Grant KC21168.

calibration and validation using a large and

high-quality prospective study. Disclosure of conflict of interest
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A Rad-score_OS = - 0.203855455575152 x original_gldm_DependenceVariance
+ 0.72454502394538 x log.sigma.5.0.mm.3D_glcm_Imc2
+ 0.000594508043691243 x wavelet.LLH_firstorder_10Percentile
+ 0.000600990342680983 x wavelet.LLH_firstorder_Mean
+ 0.673884692402828 x wavelet.LHL_glcm_Correlation
- 0.151955758019423 x wavelet.LHL_glcm_DifferenceEntropy
+0.425537714201555 x wavelet.LHL_glszm_ZoneVariance
- 0.664303013620779 x wavelet.LHH_glszm_SmallAreaEmphasis
- 1.66671028113997 x wavelet.HLL_glem_Imc2
- 0.0011209272237512 x wavelet. HLH_glem_DifferenceVariance
- 6.69253964336737 x wavelet.HLH_glcm_Imc2
+0.000129507265118769 x wavelet. HHL_glem_ClusterShade

B Rad-score_PFS = - 0.971744337864066 x original_glrim_LongRunEmphasis
+0.000714077093010009 x wavelet.LLH_firstorder_10Percentile
+0.00803497360042782 x wavelet.LLH_firstorder_Kurtosis
+0.0461519593789209 = wavelet.LHL_glszm_LargeAreaEmphasis
+0.455979566294932 x wavelet.LHL_glszm_ZoneVariance
+1.91469264917902 x wavelet.LHH_firstorder_Uniformity
- 12.4534037254967 x wavelet.LHH_glem_Imc2
- 0.0000017002310856 x wavelet.HLH_glcm_Contrast
-0.00150286932785517 x wavelet. HLH_glecm_DifferenceVariance
+0.000118729830464654 x wavelet. HHL_glcm_ClusterShade
- 0.221256029568318xwavelet. HHL_glszm_LargeAreaLowGrayLevelEmphasis

Supplementary Figure 1. The formula for calculating OS-related Rad-score (A) and PFS-related Rad-score (B).



