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Abstract: There is a lack of a well-established approach for assessment of early treatment outcomes for modern 
therapies for pancreatic ductal adenocarcinoma (PDAC) e.g. dinaciclib or dendritic cell (DC) vaccination. Here, we 
developed multivariate models using MRI texture features to detect treatment effects following dinaciclib drug or 
DC vaccine therapy in a transgenic mouse model of PDAC including 21 LSL-KrasG12D; LSL-Trp53R172H; Pdx-1-Cre (KPC) 
mice used as untreated control subjects (n=8) or treated with dinaciclib (n=7) or DC vaccine (n=6). Support vector 
machines (SVM) technique was performed to build a linear classifier with three variables for detection of tumor 
tissue changes following drug or vaccine treatments. Besides, multivariate regression models were generated with 
five variables to predict survival behavior and histopathological tumor markers (Fibrosis, CK19, and Ki67). The di-
agnostic performance was evaluated using accuracy, area under the receiver operating characteristic curve (AUC) 
and decision curve analyses. The regression models were evaluated with adjusted r-squared (Radj

2). SVM classifier 
successfully distinguished changes in tumor tissue with an accuracy of 95.24% and AUC of 0.93. The multivari-
ate models generated with five variables were strongly associated with histopathological tumor markers, fibrosis 
(Radj

2=0.82, P<0.001), CK19 (Radj
2=0.92, P<0.001) and Ki67 (Radj

2=0.97, P<0.001). Furthermore, the multivariate 
regression model successfully predicted survival of KPC mice by interpreting tumor characteristics from MRI data 
(Radj

2=0.91, P<0.001). The results demonstrated that MRI texture features had great potential to generate diagnosis 
and prognosis models for monitoring early treatment response following dinaciclib drug or DC vaccine treatment 
and also predicting histopathological tumor markers and long-term clinical outcomes.
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Introduction

Pancreatic ductal adenocarcinoma (PDAC) is 
one of the most aggressive and lethal types of 
cancer with an expected incidence rate of 
3.22% among new cancer patients yet makes 
up to 7.54% of all cancer-related deaths in the 
United States [1]. Despite advances in oncolo-
gy over the last decade, the survival rate of 
PDAC has not significantly improved (<9%) [2]. 

As most patients are diagnosed at advanced 
stages, only 20% of the PDAC patients are suit-
able for surgical resection [2]. Therefore, novel 
treatment approaches and imaging biomarkers 
that would expedite the assessment of treat-
ment outcomes remain to be an important 
focus of cancer research.

Recent developments in technology and adv- 
ancements in cancer biology have offered a 
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promising therapeutic option with the use of 
immunotherapy [3, 4]. The unique ability of 
dendritic cells (DCs) for cross-presenting tumor-
associated antigens to CD8+ T cells in the drain-
ing lymph nodes makes these cells an ideal 
candidate for cancer vaccine studies including 
pancreatic cancer [5, 6]. Recently, several 
drugs have received FDA approval for cancer 
treatment. Among them, dinaciclib, a potent 
small-molecule inhibitor of cyclin-dependent 
kinases 1, 2, 5, and 9 have a good safety profile 
[7]. Besides, dinaciclib has been well-tolerated 
in initial clinical trials and showed clinical effi-
cacy against several malignancies [8, 9], and 
also demonstrated inhibition of pancreatic can-
cer growth and progression in murine xenograft 
models [10, 11].

Tumor size is a widely used metric for assess-
ment of cancer biology [12], characterization of 
tumor types [13], evaluation of therapeutic 
responses and survival [14, 15]. However, it is 
not sufficiently sensitive for modern therapies 
including immunotherapy due to the infiltration 
of immune cells, intratumoral hemorrhage, intr- 
acellular and vasogenic oedema [16-18]. There- 
fore, novel approaches that reflect biological or 
metabolic tissue profiles are required for dy- 
namic monitoring of therapeutic outcomes.

Texture analysis is an approach to determine 
underlying tissue characteristics by analyzing 
radiological data which offered a new proce-
dure for diagnosis, evaluation of disease sever-
ity and prediction of survival [19-23]. Besides, 
quantitative analysis of medical images has 
enabled revealing complex structures of tumor 
tissues and demonstrated potential benefits in 
the field of oncology [18, 24-26]. Despite wide 
usage in clinical cancer studies, the technical 
feasibility of MRI texture analysis has not been 
well investigated in animal studies which can 
facilitate translation of gold standard histology 
and empower integration of precision medicine 
into clinical research. 

The purpose of our study was to evaluate the 
technical feasibility of quantitative MRI texture 
features for detection of early treatment res- 
ponse by interpreting underlying structural 
characteristics of tumor tissue and prediction 
of overall survival (OS) following dinaciclib or DC 
vaccine therapy with multivariate classification 
and regression models in a KPC mouse model 
of PDAC.

Materials and methods

In our pre-clinical studies, we followed regula-
tions determined by the Institutional Animal 
Care and Use Committee of Northwestern 
University and treated animals humanely while 
regularly monitoring the quality of life of the 
subjects.

Animal model and treatments

In this study, LSL-KrasG12D/+; LSL-Trp53R172H/+; 
Pdx-1-Cre (KPC) mouse model was preferred 
due to high similarity in pathophysiological and 
biological characteristics to human PDAC [27-
29]. The mouse strains p53LSL−R270H (strain num-
ber 01XM3), KrasLSL−G12D (strain number 01XJ6), 
and Pdx-1-Cre (strain number 01XL5) were pur-
chased from Jackson Laboratory (Bar Harbor, 
ME). KPC mice were generated and character-
ized by performing the procedure described in 
[27]. Twenty-one KPC mice were randomly 
selected for untreated control (n=8) and treat-
ment groups e.g. DC vaccine (n=6) and dinaci-
clib (n=7). After tumors reached a detectable 
stage by MRI (tumor diameter > 2 mm, ~3 
months of age), 3×106 DCs pulsed with irradi-
ated KPC cell lysates were injected intraperito-
neally to mice in DC vaccine treatment group 
once a week for three weeks. Besides, the mice 
in the dinaciclib treatment group received 
dinaciclib (40 mg/kg) intraperitoneally twice a 
week for three weeks after the detection of a 
pancreatic tumor on MRI. 

MRI acquisition and processing

Starting one week of the completion of the 
treatment (~4 weeks after tumor detection), 
KPC mice were scanned once in every two 
weeks with a 7T Bruker small-bore MRI scanner 
equipped with a commercial mouse coil 
(Clinscan, Ettlingen, Germany) using MRI se- 
quences listed in Table 1 until KPC mice reach 
to one of the humane endpoints [30]. During 
the imaging procedure, mice were restrained in 
the supine position and kept under anesthesia 
administered by an automated delivery system 
(Isoflurane Vaporizer, Rockmart, GA). A water-
bed heating system (SA Instruments, Stony 
Brook, NY) was also utilized to adjust body tem-
perature while MRI sequences were triggered 
according to the respiratory rate.

MRI data acquired one week after completion 
of the treatments, (~4 weeks after tumor detec-
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tion) were examined to detect treatment-relat-
ed changes in tumor tissue and predict the sur-
vival time of the KPC mice. Besides, we 
analyzed MRI data acquired before euthanasia 
to predict histopathological tumor markers 
(fibrosis, CK19, and Ki67). On the basis of T1w 
and T2w MRI images, pancreatic tumors were 
outlined on T2w MRI slice including maximal 
tumor diameter with a consensus of two experi-
enced radiologists under the instruction of a 
senior radiologist. MRI signal intensity within 
the region of interest (ROI) was discretized 
using a fixed bin size approach before comput-
ing the quantitative MRI texture features. 

Histology

After KPC mice were euthanized, pancreatic 
tumor sections were dissected by performing 
surgery in our laboratory. A tumor block was 
fixed in 10% formalin and embedded in paraf-
fin. A single 5 μm thick pancreatic tissue slide 
from each KPC mouse was then analyzed with 
histology staining (Masson’s trichrome for fibro-
sis) and immunostaining (CK19 and Ki67) in 
which CK19 is an adenocarcinoma marker 
associated with PDAC prognosis and Ki67 is 
used as a marker of tumor cell proliferation. 
The generated histology slides were then evalu-
ated by an experienced pathologist with more 
than 10 years of experience in gastrointestinal 
oncology. Afterward, histology images were 
quantitatively analyzed using ImageJ at 20× 
magnification level to measure fibrosis percent-
age, CK19 positive (CK19*) area, and the num-
ber of Ki67 positive (Ki67*) cells [31].

Feature extraction and selection

The quantitative features of tumor tissues were 
computed from ROIs using seven feature 
extraction methods, e.g. first-order statistics 
(FoS), co-occurrence matrix (CM), run-length 
matrix (RM), shape features (SP), local binary 
patterns (LBP), fractal analysis (FA), the histo-
gram of oriented gradients (HoG) and two fil-

ters, gradient (GD) and wavelet transform (WT) 
using Matlab® (v9.1, MathWorks, MA) [20, 21, 
32]. Moreover, power, variance, FoS, CM, and 
RM features were computed from GD and WT 
images. The extracted 152 texture features 
from T2w MRI data (FoS, 6 features; CM, 6 fea-
tures; RM, 7 features; FA, 1 feature; SP, 9 fea-
tures, LBP, 10 features; HoG, 6 features; GD, 
25 features; WT, 88 features) were standard-
ized using z-score normalization method. 

To remove associated features, we performed 
a feature selection approach that evaluates 
cross-correlation coefficients. The features 
demonstrating a strong correlation (|r| > 0.8) 
were removed from the set. Afterward, key vari-
ables were selected from this set based on the 
performance of the support vector machines 
(SVM) classification and multivariate regres-
sion models by increasing the complexity of the 
models by adopting an exhaustive search 
procedure.

Multivariate modeling and statistical analysis

A linear SVM classification model was generat-
ed with leave-one-out cross-validation by evalu-
ating the performance of the generated models 
with accuracy and area under the receiver oper-
ating curve (AUC). The performance of the SVM 
classifier was visualized using receiver operat-
ing characteristics (ROC) and decision curve 
plots.

To predict survival time of the KPC mice and 
histopathological tumor markers, separate 
multivariate regression models were generated 
with identified key variables following an 
exhaustive search procedure. The performance 
of the generated model was evaluated by com-
puting adjusted r squared (Radj

2) values. The 
two-tailed student T-test was performed to 
evaluate the statistical difference as accepting 
P<0.05 as statistically significant. Besides, 
Kaplan Meier analysis was used to evaluate the 
survival behavior of the KPC mice used as 

Table 1. MRI acquisition parameters used on 7T Bruker MRI scanner system with commercial mouse 
coil
MRI Sequence TR (ms) TE (ms) FA (°) Thickness/Gap (mm) Averages Resolution (µm)
T1w (axial) 630 20 90 0.7/0.7 2 156.25
T2w (coronal) 1600 37 - 1.0/2.0 1 96.35
T2w (axial) 2066 40 - 0.8/0.8 2 117.19
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untreated control and treated with dinaciclib or 
DC vaccine therapy.

Results

A total of 152 texture features was computed 
from T2w MRI data using seven feature extrac-
tion methods and two filters to detect early 
treatment effects on tumor tissue (Figure 1A). 
After discarding strongly associated texture 
features (|r| > 0.8), 45 variables have remained 
in the feature set. The correlation of the remain-
ing features was visualized using a heatmap 
representation in Figure 1B. The z scores and 
diagnostic performances of the features were 
presented in Figure 1C. Afterward, these fea-
tures were further examined by adopting an 
exhaustive search procedure to generate linear 
SVM classifiers. The key variables were deter-
mined with the assessment of cross-validation 
accuracy and AUC. The final SVM classification 
model included three texture features (Table 2) 
demonstrated a diagnostic accuracy of 95.24%, 
an AUC of 0.92, a sensitivity of 100%, and 

specificity of 87.5% for detecting treatment-
related changes on tumor tissue. The posterior 
probability of each subject is visualized in 
Figure 2A and ROC curves are utilized to dem-
onstrate the predictive performance of the 
SVM classifier in Figure 2B. The linear separa-
tion plane of the generated SVM classification 
model is visualized in Figure 2C. The decision 
curve plot is presented in Figure 2D to demon-
strate the diagnostic advantages of the gener-
ated model in clinically acceptable terms.

The survival behavior of the KPC mice was 
demonstrated using Kaplan-Meier plot (Figure 
3A). The survival time of the KPC mice after 
detection of the tumors was 46±13 days for 
KPC mice in the untreated control group and 
58±15 days for the KPC mice in dinaciclib or DC 
vaccine treatment groups (P=0.091). Moreover, 
the mice treated with DC vaccine had an aver-
age survival time of 65±17 days while the sur-
vival time of KPC mice treated with dinaciclib 
was 52±11 days. Despite no significant differ-
ence between untreated or treated groups, 

Figure 1. The quantitative MRI texture features to characterize underlying tumor structure. Representative MRI 
images for PDAC tumors from untreated control and treatment (DC vaccine and dinaciclib) groups were presented 
in (A). The heatmap representation demonstrates the association between computed texture features identified 
following correlation analysis (B). The z-scores of candidate features and diagnostic accuracies (ACC) of each vari-
able in a univariate model were presented in (C). Multivariable models are performed to improve early detection of 
treatment effects on tumor tissues due to observed lower accuracy with univariate models. 
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treated mice had longer survival time than 
untreated mice (treatment vs. control; 27±17 

days vs. 16±13 days). Besides, the mice treat-
ed with DC vaccines demonstrated significantly 

Table 2. The quantitative MRI texture features used to build classification and regression models
Treatment Effects Overall Survival Trichrome CK19 marker Ki67 marker

Features 1 FoS mean (h) FoS mean FA fractal dimension RM LRE RM LGLE
2 FoS mean (a) RM SRE LBP FoS kurtosis (h) RM LGLE of GD
3 RM nonuniformity (v) FoS 3rd moment (d) RM SRE (a) FoS contrast (a) FA fractal dimension
4 FoS contrast (a) RM LGLRE RM SRE (a) FoS entropy (h)
5 RM LGLRE (v) FoS kurtosis of HoG RM RLE (a) RM SRE (d)

Abbreviations: CM: co-occurrence matrix; FA: fractal anisotropy; FoS: first-order statistics; GD: gradient image; HoG: histogram 
of oriented gradients; LBP: local binary patterns; LRE: long-run emphasis; LGLE: low gray-level emphasis; LGLRE: low gray level 
run emphasis; RLE: run-length emphasis; RM: run-length matrix; SRE: short-run emphasis. (a): approximate wavelet coeffi-
cients; (v): vertical wavelet coefficients; (h): horizontal wavelet coefficients; (d): diagonal wavelet coefficients.

Figure 2. The diagnostic performance of the generated classification model to detect changes in the tumor mi-
croenvironment. (A) represents posterior probabilities of each sample in control and treatment (dinaciclib and DC 
vaccine) groups that were computed with support vector machines classification model. Only one KPC mice used as 
untreated control subject was misclassified. The receiver operating curves (ROC) for the developed model are given 
in (B). The model was utilized to generate a ROC curve with different groups (DC vs. control, dinaciclib vs. control, 
Treatment (DC and dinaciclib vs. control). (C) visualizes the generated separation surface (green) to differentiate 
pancreatic tumors according to the status of treatment. (D) shows the benefit curve of the generated classification 
model according to decision curve plot analysis (solid line: prediction model, dashed line: assume all subjects are 
treated, dotted-dashed line: assume no subjects were treated). Abbreviations: wvrln: run-length nonuniformity of 
vertical wavelet coefficients; wam: mean of approximate wavelet coefficients; whm: mean of horizontal wavelet coef-
ficients.
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improved survival time (P=0.035) yet not mice 
treated with dinaciclib (P=0.550). Afterward, 
the association between quantitative MRI tex-
ture features and survival behavior of the KPC 
mice was evaluated by performing multivariate 
analysis while sequentially increasing the com-
plexity of the regression model. The final regres-
sion model generated with five texture features 
(Table 2) has obtained Radj

2 of 0.91 (P<0.001). 
The response of the regression model is visual-
ized in Figure 3B and post-treatment survival 
data is presented in Figure 3C. 

Throughout the pathological analysis of pancre-
atic tumor tissue, we observed a lower level of 
fibrosis (Figure 4A) and Ki67* area (Figure 4B) 
and also a higher number of CK19* cells (Figure 
4C) for KPC mice treated with DC vaccine or 
dinaciclib compared to untreated control mice. 
However, the fibrosis percentage of mice treat-
ed with dinaciclib and Ki67* cells of KPC mice 
treated with DC vaccine was not significantly 
different than untreated control mice. 
Afterward, we investigated the association 
between MRI texture features and histopatho-
logical tumor markers by performing multivari-
ate analysis while increasing the complexity of 

the models incrementally. The final regression 
models, constructed with five MRI texture fea-
tures to predict fibrosis percentage, demon-
strated a strong correlation (r=0.93) with mea-
sured fibrosis percentage in KPC mice including 
treatment and control groups. The generated 
model obtained Radj

2 of 0.82 (P<0.001). 
Besides, the regression model constructed 
with five variables had a strong correlation 
(r=0.98) with measured CK19* area which cor-
responds to Radj

2 of 0.92 (P<0.001). Moreover, 
a strong correlation was observed between 
predicted and measured Ki67* cells. The model 
integrating five variables obtained Radj

2 of 0.97 
(P<0.001). The quantitative features used to 
generate multivariable regression models were 
listed in Table 2 and the behavior of the regres-
sion models with an increasing number of inde-
pendent variables were presented in Figure 
5A-C. Moreover, residual plots of generated 
regression models for histopathological tumor 
markers are shown in Figure 5D-F. 

Discussion

In this study, we investigated the technical fea-
sibility of quantitative MRI texture features for 

Figure 3. Survival behavior and prediction analysis of the samples. Post enrolment survival behavior of the KPC 
mice was demonstrated with Kaplan-Meier plot (A). The prediction performance of the generated multivariable 
model for survival of the PDAC mice (B). The model had a strong correlation with observed survival behavior of KPC 
mice including untreated control and treated with DC vaccine or dinaciclib (Radj

2=0.91). The statistical assessment 
of post-treatment survival (C). The survival of KPC mice treated with DC vaccine had significantly longer (P=0.035) 
while there was no significant improvement for KPC mice treated with dinaciclib (P=0.55). 
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detection of early treatment response describ-
ing the treatment-related changes on tumor tis-

sue and prediction of OS following dinaciclib or 
DC vaccine therapy by performing multivariate 

Figure 4. Histopathological analysis of the tumor tissues with trichrome staining (A), CK19 (B) and Ki67 (C) im-
munostainings for assessment of treatment effects. The subjects treated with DC vaccine had significantly lower 
fibrosis (P<0.01) and higher CK19* (P<0.01) area while there were no significant differences for Ki67* (P > 0.05) 
cells. Besides, the subjects treated with dinaciclib had significantly higher CK19* area (P=0.05) and lower number 
Ki67* (P=0.03) cells while no significant difference was observed in fibrosis percentage (P > 0.05). 

Figure 5. Performance of the regression models that predict histopathological tumor markers (fibrosis, CK19*, 
and Ki67*). The generated models had a strong correlation with the measured values of the histopathological 
tumor markers, (A) fibrosis performance (Radj

2=0.82), (B) CK19* area (Radj
2=0.92), and (C) number of Ki67* cells 

(Radj
2=0.97). Moreover, the residuals of the models were given in (D-F) for fibrosis percentage, CK19* area, and the 

number of Ki67* cells, respectively.
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analysis. The generated multivariable classifi-
cation and regression models demonstrated 
that T2w MRI texture features may serve as 
noninvasive imaging biomarkers to monitor 
tumor microenvironment changes and predict 
therapeutic outcomes for dinaciclib or DC vac-
cine treatment in KPC mouse model of PDAC. 

A classification model, integrated with three 
texture features, detected treatment-related 
changes in tumor tissue with an accuracy of 
95.24%, sensitivity of 100%, and specificity of 
87.5%. Besides, the multivariable regression 
model constructed with five variables demon-
strated a positive correlation with the survival 
time of KPC mice (Radj

2=0.91). Moreover, three 
separate multivariable models were developed 
to predict histopathological tumor markers 
using five texture features. These regression 
models obtained a favorable prediction perfor-
mance for collagen and tumor cell proliferation, 
and also long-term clinical outcomes.

In recent years, the potential of quantitative 
image analysis approaches for PDAC was inves-
tigated in several studies [33-35]. Choi investi-
gated the potential value of T2w MRI texture to 
identify long-term clinical outcomes of PDAC 
patients after 18.5 months of pancreatectomy 
[33]. Their results demonstrated that entropy 
and tumor size were associated with OS of 
PDAC patients while only tumor size was statis-
tically significant. Another study examined the 
texture of 18F-FDG-PET/CT images of twenty-six 
PDAC patients prior and posterior radiation 
therapy to link tumor heterogeneity and OS 
[34]. The authors stated that two clinical fea-
tures (age and node stage) and three texture 
features (homogeneity, variance and cluster 
tendency) were important prognostic factors 
for OS of PDAC patients. Furthermore, Attiyeh 
examined quantitative features to describe the 
association of CT data and OS in PDAC patients 
by generating two models that combine image 
features with CA19-9 (AUC of 0.69) and CA19-9 
plus Brennan score (AUC of 0.74) [35]. 

However, quantitative image analysis approach-
es performed in these studies were not corre-
lated with gold standard histological data. 
Despite the promising results of clinical re- 
search studies analyzing MRI texture, pre-clini-
cal and clinical studies that benefit animal 
models engineered to mimic genetic behavior 

of the human disease remain to be an impor-
tant focus of cancer research for quantitative 
analysis. Moreover, animal models are utilized 
to demonstrate technical feasibility of MRI tex-
ture analysis and findings of these studies are 
validated with gold standard histology which 
ultimately can be applied for precision medi-
cine in clinical practice [36]. 

In this study, our goal was to investigate the 
potential of quantitative MRI features for detec-
tion of therapeutic changes in tumor microenvi-
ronment and prediction of longterm clinical out-
comes following dinaciclib or DC vaccine tr- 
eatment. The multivariable classification model 
including three features detected structural 
changes in tumor tissue caused by drug or vac-
cine therapies (accuracy of 95.24%). Despite 
significantly improved OS of KPC mice treated 
with DC vaccine (P=0.035), there was no statis-
tical difference between control and dinaciclib 
treatment groups (P=0.55). The multivariable 
regression model was developed with five tex-
ture features to predict KPC mice OS which 
demonstrated a strong association with surviv-
al function (Radj

2=0.91). Besides, we analyzed 
the characteristics of MRI data to develop 
regression models to predict histopathological 
tumor markers measured by histology staining 
or immunostaining. These models demonstrat-
ed a positive correlation with fibrosis percent-
ages (Radj

2=0.82), CK19* area (Radj
2=0.92), and 

the number of Ki67* cells (Radj
2=0.97). 

Our study had several limitations. First, pancre-
atic tumors were outlined with a manual seg-
mentation approach that requires user interac-
tion and increases pre-processing time. Further 
studies will benefit adopting an automated 
approach for tumor segmentation to reduce 
processing time and potential user bias. 
However, manual segmentation of the tumor 
tissue with two radiologists under the supervi-
sion of a senior radiologist is a standard app- 
roach for preclinical studies. Second, our study 
included a lower number of subjects due to the 
nature of preclinical studies; however, it was 
comparable to other published preclinical stud-
ies. Besides, our study was aiming to evaluate 
the technical feasibility of the texture analysis 
which had a statistical power of more than 0.8 
at a significance level of 0.05. Therefore, future 
studies that overcome these limitations will be 
needed for advancing the results of this study.
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In conclusion, our study demonstrated that tex-
ture-based MRI imaging features had remark-
able potential to interpret tissue characteristics 
and may be used to identify early treatment 
response to dinaciclib or DC vaccine therapy by 
interpreting pancreatic tumor tissue character-
istics obtained from histopathological tumor 
markers and prediction of long-term clinical 
outcomes.
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