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Abstract
Purpose: To evaluate multiparametric MRI features in predicting pathologic response after preoperative chemoradiation therapy (CRT) for locally advanced rectal cancer (LARC).
Experimental Design: Forty-eight consecutive patients (January 2012–November 2014) receiving neoadjuvant CRT were
enrolled. All underwent anatomical T1/T2, diffusion-weighted
MRI (DWI) and dynamic contrast-enhanced (DCE) MRI before
CRT. A total of 103 imaging features, analyzed using both volumeaveraged and voxelized methods, were extracted for each patient.
Univariate analyses were performed to evaluate the capability of
each individual parameter in predicting pathologic complete
response (pCR) or good response (GR) evaluated based on tumor
regression grade. Artiﬁcial neural network with 4-fold validation
technique was further utilized to select the best predictor sets to
classify different response groups and the predictive performance
was calculated using receiver operating characteristic (ROC)
curves.

Results: The conventional volume-averaged analysis could
provide an area under ROC curve (AUC) ranging from 0.54 to
0.73 in predicting pCR. While if the models were replaced by
voxelized heterogeneity analysis, the prediction accuracy measured by AUC could be improved to 0.71–0.79. Similar results
were found for GR prediction. In addition, each subcategory
images could generate moderate power in predicting the response,
which if combining all information together, the AUC could be
further improved to 0.84 for pCR and 0.89 for GR prediction,
respectively.
Conclusions: Through a systematic analysis of multiparametric MR imaging features, we are able to build models
with improved predictive value over conventional imaging
metrics. The results are encouraging, suggesting the wealth of
imaging radiomics should be further explored to help tailoring the treatment into the era of personalized medicine.

Introduction

icy based on the results that the clinical complete responders had
excellent long-term results regardless of surgical resection (5).
Maas and colleagues conﬁrmed the results in a small prospective
study (6). Furthermore, Borschitz and colleagues recently
reported that the local recurrence rate was 0% for pCR who had
been treated with local excision (7). Accordingly, although still in
debate, it is important to provide physicians with accurate information using noninvasive approaches to identify complete
responders for an alternative surgical treatment such as sphincter-saving local excision.
Previous studies have highlighted several imaging modalities
for their capability to distinguish good responders from others for
LARC. Examples are FDG-PET (8), T2-weighted magnetic resonance imaging (T2w-MRI) (9), dynamic contrast-enhanced MR
(DCE-MRI; ref. 10) and diffusion-weighted imaging (DWI;
refs. 11, 12). However, all previous works focused on single
imaging modality, which may have inherent limitations in prognostic prediction. It has been shown that T2w-MRI has limitations
in the depiction of primary tumors and mesorectal fascia, or
residual viable tumor from diffuse ﬁbrotic change (13, 14). Also,
FDG-PET suffers from limitations in interpreting ﬁbrotic scar
tissue and inﬂammation (15). Functional MRI such as DWI with
the apparent diffusion coefﬁcient (ADC) assesses the impedance
of water molecules diffusion that is mostly dependent on the
tissue cellularity (16–18). DCE-MRI, on the other hand, measures
a volume transfer constant, which is dependent on the perfusion
and the permeability of the tumor vasculature (19). Assessment of
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Translational Relevance
The recent trend toward patient-tailored treatment for locally advanced rectal cancer has highlighted the need for reliable
methods in the early assessment of treatment response. Imaging markers such as anatomical and functional MRI may
provide additional guidance, and the full wealth of imaging
radiomics warrants more investigation. In this study, we
integrate the information from anatomical, perfusion, and
diffusion MRI using both volume-averaged and voxelized
quantitative analysis to predict pathologic response after
neoadjuvant chemoradiation therapy. Our results suggest the
potential limitation of using summary mean value in some
instances to evaluate treatment response as done by previous
studies and highlight the potential of voxelized heterogeneity
analysis. In addition, although no imaging test could precisely
correlate with treatment outcome, these modalities, when
used in combination, provide improved prognostication.

individual tumor biology is likely not a property of single imaging
tool but instead needs information from a combination of multiple modalities. Moreover, all previous studies considered a
tumor as a uniform entity by using a mean value to depict the
whole volume. This may have the potential risk of overlooking
tumor heterogeneity. In some cases, the tumor can be sequestered
and disappear partly or completely. In other cases, the tumor may
undergo necrosis or liquefaction and become avascular or cystic.
For this reason, voxel-wise analysis is an important tool to
interrogate the most viable portions of the tumor.
In this present work, we investigate the wealth of multiparametric MR image features in prediction of pathologic response for
LARC. Our work integrates the anatomical MRI for tumor phonotype extraction, perfusion MRI for blood ﬂow and permeability
analysis, and diffusion MRI for tissue microcirculation and cellularity evaluation. All imaging parameters were analyzed using
both volume-averaged and voxelized analysis.

Methods and Materials
Patients
Consecutive patients with MRI-staged T3 or T4 rectal cancer
without distant metastasis treated at a single institute between
January 2012 and November 2014 were enrolled. All patients
received preoperative chemoradiation followed by TME surgery.
The treatment protocol and timeline followed the National Comprehensive Cancer Network (NCCN) guideline. The radiation
treatment included 50 Gy delivered for 25 fractions using IMRT
technique. Concurrently, patients received capecitabine 825 mg/
m2 orally, twice daily for 5 consecutive weeks and oxaliplatin 100
mg/m2 once every 3 weeks. One extra cycle of additional chemotherapy was administrated after CRT and before surgical resection.
According to the recent meta-analysis of over 6,171 patients, oral
capecitabine and 5-ﬂuorouracil (5-FU) can be used interchangeably for patients with colorectal cancer (20). In the present study,
our patients received FOLFOX-6 (5-ﬂuorouracil plus oxaliplatin
for 34 patients) or CapeOx (Capecitabine plus oxaliplatin for 14
patients) for the additional chemotherapy. Then, after a recovery
interval of 2 weeks, TME was performed by either anterior resection or abdominoperineal resection. All patients received MR
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examinations 1 to 2 weeks before the chemoradiation and 1 week
before surgery. The pathologic staging served as the reference
standard and was determined according to the TNM classiﬁcation
system recommended by the American Joint Committee on
Cancer (AJCC), 7th ed., 2012 (21). The resection specimens were
evaluated by an experienced pathologist and further reviewed by a
dedicated gastrointestinal pathologist, both blinded to the MRI
data. Patients were separated into different response groups as
pathologic complete responders (pCR, deﬁned as the absence of
viable adenocarcinoma cells, ypT0N0) versus non-pCR. The
modiﬁed tumor regression grade (TRG) based on Ryan's deﬁnition (22) was also used to separate the patients into good
responders (GR) and non-GR group. The GR included those
showing complete response with no viable cancer cells (TRG 0)
and moderate response with only small cluster or isolated cancer
cells remaining (TRG 1). The non-GR included TRG 2: minimal
response with residual cancer remaining but with predominate
ﬁbrosis and TRG 3: poor response with minimal or no tumor kill
and extensive residue cancer.
MRI protocols
All patients were scanned in a single institute with 3.0 Telsa
MR (Signa HDxt, GE Medical Systems) using a phased-array
body coil, 1 or 2 weeks before the start of chemoradiation with
ﬁxed image protocols. No special bowel preparation was performed. The MR machine underwent quality assurance check
on a monthly basis by a hospital radiological physicist and
further maintained on a bimonthly basis by the GE engineer to
ensure the consistency of image quality. Axial T2-weighted
(T2w fast spin echo sequence, TR/TE: 2,840/131 ms, image
resolution 0.49  0.49  4 mm) and T1-weighted (T1w spin
echo sequence, TR/TE: 460/7.4 ms) maps were acquired. Array
spatial sensitivity encoding technique (ASSET) was used with
acceleration factor of 2. Then multiphase T1w were obtained
using a spoiled gradient echo sequence (LAVA). Scan parameters were TR/TE 4.4/1.9 ms; ﬂip angle 12o; bandwidth
325.5 kHz; image resolution: 0.7  0.7  2 mm. All patients
were injected with 0.1 mmol/kg body-weight Gd-DTPA at
2.5 mL/s. Contrast injection and data acquisition were trigged
simultaneously. Four repetitions were acquired with one repetition before the injection of contrast agent, and three at 15
seconds, 60 seconds, and 120 seconds after the injection. Axial
DWI images were obtained by using single-shot echo planar
imaging sequence (SSEPI; TR/TE 5,900/69.6 ms; image resolution: 0.98  0.98  5 mm; 2 mm intersection gap) with two bfactors of 0 and 800 s/mm2.
Quantitative imaging characteristics
All images were reviewed on MIMMaestro workstation (MIMsoftware) by a single experienced rectal MRI radiologist. Tumors
were outlined as a region of interest (ROI), excluding the intestinal lumen, on the third-phase gadolinium-enhanced images (60
seconds after the injection of contrast agent) while using all other
image sequences as references. The delineated tumor was then
automatically transferred to other image maps. Quantitative
imaging descriptors were extracted for each imaging category
using both mean value–based and voxelized analysis techniques:
(i) For anatomical MRI, 37 parameters were calculated. The preCRT volume information was recorded ﬁrst. The local variations
of the image gray levels within the tumor volume were analyzed
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using 18 Haralick's Gray Level Co-occurrence Matrix (GLCM)
texture features (autocorrelation, cluster prominence, cluster
shade, contrast, correlation, dissimilarity, energy, entropy, homogeneity 1, homogeneity 2, maximum probability, sum average,
sum variance, sum entropy, difference variance, difference entropy, information measure of correlation 1, information measure of
correlation 2) for T1w and T2w-MRI, respectively (22). (ii)
Regarding DCE-MRI, a total of 35 imaging features were collected.
The time–intensity curves (TIC) were ﬁrst obtained for each voxel.
For each TIC, mean values of 5 shape descriptors were calculated:
the maximum signal difference (MSD) as deﬁned by Petrillo and
colleagues (23), the wash-in slope of E1 (15 seconds after contrast), E2 (60 seconds after contrast), E3 (120 seconds after
contrast) and the washout slope between E2 and E3. Local
variations of the enhancement among each voxel were calculated
using 18 GLCM texture features. Furthermore, for each parameter
the population distribution curve was generated, 12 histogrambased features as 10%, 20%. . . 90% to 100% values, kurtosis and
skewness were obtained. (iii) For diffusion MR images, the ADC
maps were calculated according to the formula: ln(S) ¼ ln(So)-b.
ADC, where So and S are the signal intensities in ROI, obtained
with different gradient factors (b values of 0, and 800 s/mm2).
Mean values to represent the whole tumor region and voxel-based
18 texture/12 histogram-based features were calculated. A total of
103 quantitative imaging features were obtained for each patient.
Statistical analysis
Individual variables were analyzed for signiﬁcant differences
using t test and the Wilcoxon—Mann–Whitney test for nonnormally distributed parameters. Group results were reported
as mean  standard deviations. Group difference comparison
with a two-sided P < 0.05 was considered statistically signiﬁcant. The univariate analysis was carried out to evaluate the
ability of single descriptor to discriminate pCR from non-pCR
and GR from non-GR. These analyses were performed using
SPSS 16.0 (SPSS Inc.). Because many parameters were generated, and they were possibly highly correlated, a three-layer
perceptron artiﬁcial neural network (ANN) was utilized to
analyze the dataset. Two steps were involved, with the ﬁrst
step, feature selection, to identify an optimal feature and the
second step, called feature classiﬁcation, to train an optimal
ANN architecture for response prediction. (i) For the ﬁrst step,
all parameters were included as the input nodes for ANN
modeling, and the output node was one representing responder/nonresponder decision. The node in the hidden layer was set
based on the formula of m ¼ (n þ l)1/2 þ a, where m is the
number of the hidden nodes, and n is the number of nodes in
the input layer, l is the number of nodes in the output layer, and
a is a constant from 1 to 10 (24). In this study, a was arbitrarily
selected as 5 in the ﬁrst step. The forward search strategy was
used to search different combinations of predictors by adding
predictors one by one to see if the model performance
improved. The feature selection was performed within each
set of anatomical MRI, DWI, DCE-MRI, respectively, and the
combination of all. To control for overﬁtting, the rule of
thumb is that the number of predictors should remain within
1/10–1/3 of the number in the dependent group. The potential
feature was limited to no more than 3 for the pathologic
response prediction (11 pCR) and 4 for the TRG good-response
prediction (17 non-GR). (ii) After the optimal feature set was
identiﬁed, an optimal ANN architecture was trained for the

www.aacrjournals.org

response prediction as the second step. For training of the
model, the feed-forward back propagation (FFBP) learning
process was implemented. In forward processing, the input
layer was used to input the data, then hidden layer processed
~t~
the data. Assume ut ¼ w
x is the synaptic input to the neuron,
~t is a vector of weights of a particular neuron at the tth step of
w
learning, logistic sigmoid function is used as the activation
function fðut Þ between neurons as
f ðut Þ ¼

1
1 þ eðut Þ

ð1Þ

The training started with small random numbers for the initial
weightings, and calculated the error function from the output
neuron with mean square error (MSE) equation as
d¼

1X t
2
ðd  ot Þ
2

ð2Þ

where dt and ot represent the desired and obtained outputs of the
neurons, respectively. The error from equation above was then
~tþ1 , using gradient
back propagated by updating the weights, w
descent method. The equation of weights adjustment of each
neuron is
qd
~
wtþ1 ¼ ~
wt þ h t
ð3Þ
q~
w
where h is the learning rate. The number of hidden nodes (from
2 to 31, with step size 1), the learning rate (0.1–0.7) were varied
for the ANN training. The learning rate h regulates the stride of
gradient descent algorithm for minimization of the learning error
with higher number for fast convergence but a possibility to jump
over the global minimum. We adjusted the learning rate by a 5%
increase if the current error was less than the previous one,
indicating moving in the right direction. Otherwise, the system
went back with a smaller steep by decreasing the learning
rate 15%. The learning process continued until d converged to
a predeﬁned value (<0.001) or until the maximum number of
iterations, of 1,000, was reached. If several architectures
reached similar accuracy, the less complex architecture was
deﬁned as the most optimal ANN model. All ANN simulations
were performed in the Matlab Neural Network ToolBox, software eversion 7.12 (The Mathworks Inc.). The ﬁnal predictive
performance of the response was investigated using 4-fold
cross-validation. The cohort was randomly separated into four
partitions, with three partitions used as the training data sets
and the remaining one as the testing set. ANN was optimized
using the training data set, and the outcome of the testing data
was then predicted by the optimized ANN model. The training
and testing were run 4 times, and the average performance was
reported as the cross-validated performance. The prediction
results were further interpreted using the receiver operating
characteristic (ROC) curve.

Results
Patient characteristics
A total of 48 patients (59.9  8.9 years, from January 2012 to
November 2014) were included in the study. Among which, 11
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Table 1. Patient and tumor characteristics
pCR (n ¼ 11)
Patients (n ¼ 48)
Male:female
7:4
Mean age (SD)
59.7 (11.1)
Tumor
Pre-CRT volume (in cc)
19.6  12.1
Range
[5.4–66.7]
Pre-CRT clinical stage
cT3N0
0
cT3Nþ
11 (100%)
cT4N0
0
cT4Nþ
0
Post-CRT clinical stage
pT0N0
11 (100%)
pT1N0
0
pT2N0
0
pT2Nþ
0
pT3N0
0
pT3Nþ
0
pT4N0
0
pT4Nþ
0

Non-pCR (n ¼ 37)

P

GR (n ¼ 31)

Non-GR (n ¼ 17)

P

23:14
59.9 (8.3)

ns
ns

20:11
59.4 (9.1)

10:7
60.8 (8.7)

ns
ns

23.7  13.4
[9.9–45.4]

ns

21.4  18.6
[5.4–66.7]

27.1  14.7
[9.9–45.4]

0.02

0
26 (83.9%)
0
5 (16.1%)

4 (23.5%)
11 (64.7%)
0
2 (11.8%)

11 (35.5%)
6 (19.4%)
6 (19.4%)
4 (12.9%)
3 (9.7%)
1 (3.1%)
0
0

0
0
0
1 (5.9%)
7 (41.2%)
7 (41.2%)
2 (11.7%)
0

4 (10.8%)
26 (70.3%)
0
7 (18.9%)
0
6 (16.2%)
6 (16.2%)
5 (13.6%)
10 (27%)
8 (21.6%)
2 (5.4%)
0

<0.001

<0.001

Abbreviations: ns, not statistically signiﬁcant; SD, standard deviation.

(23%) were classiﬁed as pCR and 37 (77%) were non-pCR, 31
were GR (TRG 0–1, 65%) and 17 were non-GR (TRG 2–3, 35%).
The detailed clinical characteristics are listed in Table 1. There were
no statistical differences between pCR versus non-pCR or GR
versus non-GR groups in types of age, sex, and TNM stage. Figure 1
gives two patients' example, both 60 years old with mid-rectum
cancer at stage of cT3NþM0. But after treatment, one became pCR
and the other did not achieve pCR. No signiﬁcant differences were
observed from qualitative visual inspection.
Group differences
The pCR and non-pCR groups were homogeneous with
respect to pretreatment tumor volume. The pCR group has a
mean volume of 19.6  12.1 cc with a range of [5.4–66.7 cc],
and non-pCR group has a mean volume of 23.7  13.4 cc [9.9–
45.4 cc]. The majority of the 18 GLCM texture features from
anatomical T1w-MRI and T2w-MRI showed signiﬁcant differences between two response groups with P < 0.05. For example,
GLCM-Energy measures the uniformity of the gray-level scales
of the image with higher value implying more homogeneous
distribution. Its value from T2w-MRI was higher for the pCR

group (0.987  0.003, range from [0.980–0.992]) versus nonpCR group (0.982  0.006 [0.971–0.991]) with P ¼ 0.03.
Regarding the DWI, the mean-ADC values were signiﬁcantly
lower for pCR (0.90  0.11 [0.77–1.14]103) versus non-pCR
(0.97  0.09 [0.81–1.37]  103) with P ¼ 0.005. In addition,
the higher portions of the histogram percentiles (50%–80%)
were lower in the pCR groups than in non-pCR with P  0.02.
Only a few texture features (GLCM-Homogeneity and GLCMDifference Entropy) from the ADC maps showed marginal
signiﬁcant difference between groups with P < 0.05. With
respect to the DCE-MRI, neither the MSD over the whole tumor
volume nor the histogram-based parameters showed differences between groups. However, most of the texture features
had signiﬁcant differences in separating response groups with
all P  0.03. For example, GLCM-Autocorrelation, a measure of
the ﬁneness of texture with higher value indicating more graylevel scales, thus more heterogeneous distribution, was lower in
the pCR group (1.13  0.08 [1.00–1.25]) compared with that in
the non-pCR group (1.21  0.08 [1.02–1.41]) with P ¼ 0.008.
GLCM-Entropy, a measure of the local intensity variation with
higher value correlating with larger image variation and more

Figure 1.
MR images of 2 male patients, both at 60 years old with mid-rectum cancer at stage of cT3NþM0, pretreatment (A) T1-weighted image, (B) T2-weighted image, (C)
the diffusion-weighted image with b ¼ 0, (D) the diffusion weighted image with b¼800, (E) precontrast image, (F) 60 seconds after contrast injection image.
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heterogeneous distribution, was also lower in the pCR group
(0.018  0.010 [0.002–0.030]) than in the non-pCR group with
an average value of 0.026  0.008 [0.006–0.044] with P ¼
0.007. For illustration purposes, only a selected number of
features are shown in Fig. 2, between pCR and non-pCR groups.
If separating the patients based on the TRG, the GR group
showed relatively smaller volume than the non-GR group, with
P ¼ 0.02. Other than that, none of the quantitative measures
from anatomical T1, T2 images showed statistically signiﬁcant

differences. The GR group had lower mean-ADC (0.91  0.11
[0.77–1.14]103) than those showing non-favorable
responses (0.97  0.09 [0.81–1.37]103) with P ¼ 0.03. In
addition, almost all the texture measures from DCE-MRI
showed statistically signiﬁcant differences between GR and
non-GR groups. The detailed information about all obtained
103 image features separated in different response groups, pCR
versus non-pCR and GR versus non-GR is included in the
Supplementary Appendix.

Figure 2.
Boxplots showing group differences between the pCR versus non-pCR groups. Only a few selected parameters from each category of imaging modality are shown.

, statistically signiﬁcant.
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Prediction of individual parameters and combined feature sets
The ROC curves comparing the ability of each subcategory
parameters and the combined feature sets in discriminating
different response groups are displayed in Fig. 3. For pCR prediction, the volume average–based analysis, as volume from
anatomical MRI, mean-MSD from DCE-MRI, mean-ADC from
DWI, could yield an AUC of 0.67, 0.54, and 0.73. Using voxelbased analysis, the AUC could be improved to 0.71, 0.76, and
0.79, respectively. After combining all categories of image features
together, with the best selected predictors as mean-ADC from
DWI and GLCM_AutoCorrelation from DCE-MRI, the AUC could
be further improved to 0.84. Of note, although the texture
information from anatomical T1w and T2w images showed
moderate predictive value, they were highly correlated with the
textures extracted from DCE-MRI. As such, after combining all the
features into ANN training, none of anatomical MRI parameters
was selected. For the GR prediction based on the TRG evaluation,
similar ﬁndings were that the voxelized heterogeneity analyses
gave better AUCs than volume-averaged analysis. For example, in
the subcategory of DCE-MRI, with the selected features as
GLCM_Cluster Prominence and GLCM_Sum Variance, the ANN
model could yield an AUC of 0.85. Using the volume-averaged
analysis, the AUC was only 0.51, which was not predictive.
Further, combining all categories of image information together,
with the best feature set as Volume from anatomical MRI,

GLCM_Cluster Prominence and GLCM_Information Measure of
Correlation 2 from DCE_MRI, and mean-ADC from DWI, the
ﬁnal AUC could be improved to 0.89.

Discussion
Previously, there have been a few studies evaluating the prognostic value of MRI in assessing the CRT outcome for LARC.
Currently, all published studies including very recent work were
conducted with comparable or less patient sample size, focusing
mostly on single category of MRI with volume-averaged analysis.
To the best of our knowledge, this is the ﬁrst study to integrate
anatomical, perfusion, and diffusion MRI using both volumeaveraged and voxel-based quantitative analysis to predict pCR.
The results showed that the voxelized heterogeneity analysis could
provide additional information compared with conventional
volume-averaged analysis in assessing the treatment outcome. In
addition, although no imaging or serum test could precisely
correlate with treatment outcome, these modalities, when used
in combination, gave improved prognostication.
Currently, pathologic evaluation of the surgical specimen is the
only reliable surrogate marker that correlates with long-term
oncological outcome. However, such data are available only after
completion of all preoperative treatment and surgery, which
cannot be used as guidance for adjusting the therapeutic

Figure 3.
The ROC curves of selected individual
parameters and combined feature
sets in predicting pCR vs. non-pCR (A)
and GR vs. non-GR (B). The AUC was
reported.

OF6 Clin Cancer Res; 2016

Clinical Cancer Research

Downloaded from clincancerres.aacrjournals.org on February 21, 2018. © 2016 American Association for
Cancer Research.

Published OnlineFirst May 16, 2016; DOI: 10.1158/1078-0432.CCR-15-2997
Prediction of Pathological Response for LARC Using MRI

approach. Accordingly, development of noninvasive biomarkers
with the potential to provide early prediction is essential. Such
biomarkers would aid in identifying those patients who are less
likely to beneﬁt from the current therapies for alternative treatment or intensive follow-up regimens and those who are likely to
achieve pCR for tailored surgery strategies.
Recently, additional DWI has merged with anatomical MRI as a
preoperative staging tool for rectal cancer. Few studies have been
conducted that seek its prognostic role in predicting the treatment
outcome, yet the reported results remain controversial. Some
studies revealed the signiﬁcant correlation of the pretreatment
mean-ADC with the response, as by Sun and colleagues on 37
patients (25), Lambrecht and colleagues on 20 patients (26), and
most recently by Jacobs and colleagues on 22 patients (27), while
Cai and colleagues (28) or Kim and colleagues (29) could not
conﬁrm this relationship. Interestingly, DeVries and colleagues
reported that although pretreatment mean-ADC did not reliably
predict good responders (deﬁned as ypT0-2), differences could be
observed for the high fraction of ADC values from the histogram
(30). This has been conﬁrmed by our study that the higher portion
of the histogram percentile values (50%–80%) was lower in the
pCR groups. A possible explanation is that tumors with high ADC
values are likely to be more necrotic or edematous than solid or
viable tumors (31). Because necrotic/edematous areas are resistant to radiation, it may be hypothesized that those tumors, and
thus high pretreatment ADC values, would have less favorable
treatment response. We did not ﬁnd that the heterogeneity distribution of the ADC map showed differences between different
response groups. This might be due to the relatively coarse image
resolution of the diffusion-weighted images that washed out the
effect.
Regarding the DCE-MRI, the experience for response prediction in rectal cancer is even more limited and the prognostic value is still unclear. Tong and colleagues reported that
pretreatment DCE parameter (Ktrans from Toft's model) was
signiﬁcantly higher in the pCR group (32) but Intven and
colleagues could not achieve the same promising result
(12, 33). In addition, they claimed that no additional value
was found including DCE-MRI next to T2w imaging and DWI
in an MRI protocol used for response assessment in LARC.
What we found was that the volume-averaged feature (meanMSD) did not add any value in the ﬁnal prediction after ANN
training, but the heterogeneous enhancement as analyzed by
texture features showed promising prognostic power. When
replacing the mean-MSD with voxel-based texture analysis
into the ﬁnal model, the AUC in predicting pCR could
increase from 0.74 to 0.84. Tumor is not a uniform unity.
The diffusion and perfusion heterogeneity varies with histologic tumor type and thus the response to treatment. For
example, the development of hypoxia, which results in lower
blood supply, may reduce the effectiveness of radiation and
drug transportation (34, 35). Hypoxic regions usually have
lower enhancement than those of solid tumors, but this does
not necessarily guarantee a lower mean value. The internal
heterogeneous distribution measurement should be able to
provide information one-step further in evaluating the tumor
characteristics during the treatment. Thus, the histogram and
voxel-wise analyses are theoretical alternatives for evaluating
tumor heterogeneity. For this reason again, voxel-wise analysis
is an important tool to be used to interrogate the most viable
portions of tumor.

www.aacrjournals.org

We understand that the contrasting results reported by the
previous literature might ﬁnd an explanation in the wide heterogeneity among previous studies, in patient selection, pretreatment
staging, deﬁnition of response, dose of radiation, chemotherapy
administered, and interval before surgery. The results, nonetheless, all support the interpretation that higher pretreatment vascularity and permeability allow for better treatment response.
Future studies with larger study populations are required to
validate the role of those imaging characteristics. However, how
to utilize the full wealth of imaging radiomics warrants more
investigation. Our result suggests the potential limitation of using
summary mean value in some instances to evaluate treatment
response as done by previous studies and highlights the potential
of voxelized heterogeneity analysis.
The present study has some limitations. First, the sample size is
still limited compared with the relatively large number of predictors. As such, ANN was utilized instead of the conventional
logistic regression analysis due to its capacity to model complex
relationships between independent and predictor variables,
allowing the inclusion of a large number of variables. The training
and testing were performed on the same set of patient data. In
order to minimize the bias, 4-fold cross-validation was used
(36, 37). We randomly separated our patient data into four
cohorts, with three of them used for training, while the remaining
one cohort was used for testing purpose. All the tests were run 4
times with the average value reported as the cross-validated
performance. A larger study is required to determine the prognostic power of all these parameters and a cutoff point by ROC
with narrow conﬁdence intervals. Furthermore, to control for
model overﬁtting, the number of predictors should remain within
1/10–1/3 of the number in the dependent group. In the current
study, the potential feature set was limited to no more than 3 for
pCR prediction (11 pCR) and 4 for the TRG GR prediction (17
non-GR). Nevertheless, large data samples are needed to allow for
a full panel selection of image features, and better investigation of
the true beneﬁt using nonlinear statistical models as ANN over
conventional linear-based statistical analysis on large dimensional data, similar to what we have previously reported on breast
cancer management (38). Also, we have limited time points for
the DCE-MRI sequence. This prevents quantitative analysis using
the pharmacokinetic models, such as the generalized Toft's model. However, measurement variability of 20% has still been
quoted for Ktrans measurement in pelvic cancer despite Toft's
suggestion for the use of standardized terms (39, 40). As such, we
chose to use time–intensity curve (TIC) shape descriptors as
suggested by Petrillo and colleagues (23). The analyses used the
ﬁtting, adding the TIC normalization with the aim of eliminating
the dependence on proton density, relativity, and other equipment parameters, and may be more reliable in the current data
sample. Third, no precautions were taken to avoid bowel movements, nor was the administration of butylscopolamine, dicyclomine, glucagon, or similar drugs carried out. We have carefully
reviewed each case to avoid signiﬁcant image misalignments.
However, in the future, image registration may be needed to
improve the accuracy of quantitative analysis.
Nevertheless, our study focuses on the speciﬁc relationship
between pre-CRT MR imaging values and pathologic response
using both volume-averaged and voxelized analysis. Through a
systematic analysis of multiparametric MR imaging features, we
are able to build models with improved predictive value over
conventional imaging metrics. This is encouraging, suggesting the
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wealth of imaging radiomics should be further explored to help
tailoring the treatment into the era of personalized medicine.
Combined quantitative imaging features may lead to better
prognostic value by allowing earlier treatment alternation and
more accurate noninvasive surveillance.
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