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Introduction

• The therapy for locally advanced rectal cancers is:  

• neoadjuvant chemo-radiotherapy (CRT)   

• followed by radical surgery  
 
 

• local pelvic recurrence to rate lower than 10% 
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• This therapeutic approach is an over-treatment of many 
patients:  

• those who do not respond to the treatment (non-
responders)  

• whose early identification (2–3 weeks after the start of neoadjuvant 
CRT) might help clinicians in referring them to alternative treatments;  

• patients with pathological complete response 

• who could benefit from either less invasive surgery (ie, transanal 
endoscopic microsurgery) or “wait-and-watch” strategy 

However…
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The purpose

• Recognize non-responders and complete responder 
patients during the CRT (before surgery)
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The dataset
• 75 patients with histologically confirmed  

colorectal adenocarcinoma and locally advanced tumor 
stages II (cT3-4, N0, M0) and III (cT1-4, N+, M0)  

• Images acquired in three stages: 

• just after diagnosis (pre-CRT) 

• CRT response evaluation at early phase: CRT treatment was day 40 
and tumor response was assessed with MRI at day 21 

• post-surgical analysis: 6 to 8 weeks after the end of CRT  

• gross specimen was analyzed by pathologist 
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The dataset
• Three kind of NMR images acquired: 

• T2-weighted 

• diffusion-weighted imaging (DWI) or apparent diffusion coefficient (ADC) 

• and perfusion MRI (pMRI)  

• Two acquisition per NMR kind:  

• axial oblique (planes orthogonal to the rectum) 

• coronal oblique (planes parallel to the rectum) 

• The images acquired at the same time have a common 
reference system
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The project

• Analyze the available images and find observables that 
allow to categorize the patients 

• Increase the patient database 

• Automatically define the Region Of Interest (ROI)
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Possible tools
• Texture analysis 

• Structural methods  

• useful for the synthesis of an image than for its analysis  

• Transform methods 

• Fourier, Gabor or Wavelet transform   

• Statistical methods 

• Neural networks 

• Deep learning neural networks 

• H. Greenspan, B. van Ginneken, and R. M. Summers, “Guest Editorial Deep Learning 
in Medical Imaging: Overview and Future Promise of an Exciting New Technique,” 
IEEE Trans. Med. Imaging, vol. 35, no. 5, pp. 1153–1159, Dec. 2016.
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Application on  
prostate cancer 

• machine learning-based 
automatic classification of 
prostate cancer aggressiveness  

• combining apparent diffusion 
coefficient (ADC) and T2- 
weighted (T2-w) MRI-based 
texture features  

• achieved an accuracy greater 
than 90% 

ADC mean, 10th percentile, T2-w histogram-based skewness, and
k-trans were used to distinguish between cancer vs. benign and
between cancer GSs (21). Our work builds on the aforementioned
work by classifying GS 7ð3+ 4Þ vs. 7ð4+ 3Þ in addition to classifying
cancer vs. noncancerous prostate and GS 6ð3+ 3Þ vs. GS ≥7 with
texture-based features derived from ADC and T2-w MR images.
Furthermore, our work addresses an important problem of
obtaining highly accurate machine learning despite severe class
imbalance between the different groups of cancers by using sample
augmentation with feature selection.
Our work demonstrates that PCa diagnosis can be improved by

combining data-augmented classification together with more of the
latent information in standard MRIs (the so-called “radiomics
hypothesis”) (27, 28) compared with using ADC mean or T2 signal
intensities alone, thereby reducing the potential for under- or
overdiagnosis. Fig. 1 A and B show the ADC energy, ADC entropy,
T2 energy, and T2 entropy overlaid on a slice of the ADC and
corresponding T2-w MR image for two different patients: one with
a tumor of GS 6ð3+ 3Þ and the other with a tumor of GS 9ð4+ 5Þ.
As shown in Fig. 1 A and B, the energy and entropy values com-
puted from different tumor types appear to be very different, which
suggests that textures, in combination with ADC, can help to dif-
ferentiate between the cancer types.

Materials and Methods
The retrospective study used for the analysis in this workwas approved by the
Institutional Review Board, which waived written informed consent. The
study population used in this study was the same as the one used in our
previous work (29).

Study Population. The study population consisted of T2-w and ADC MR images
acquired from 217 men subjected to MR imaging with the following inclusion
criteria: (i) patients with biopsy-proved PCa, (ii) radical prostatectomy performed
in our institution between January and December 2011, (iii) endorectal 3T
prostate MRI performed within 6 mo of prostatectomy, and (iv) with whole-
mount step-section pathological tumor maps. Patients with prior treatment for
prostate cancer (n = 7), those with cancers <0.5 mL on histopathology (n = 51),
those with imaging artifacts making segmentation of cancer difficult (n = 8), and
those whose cancer location precluded segmentation of normal structures (n =
7) were excluded from study. The final number of male patients in the study
population was 147. More details about patient selection are provided in ref. 29.

MR Image Acquisition and Histopathological Image Analysis. All MR images
were acquired on a 3.0-T MR imaging system (Signa HDX; GE Medical Sys-
tems), with a pelvic phased-array coil in combination with an endorectal coil
(Medrad) for improved signal reception. Transverse T1-w images were acquired
by using the following parameters: repetition time (milliseconds)/echo time
(milliseconds), 467–1,349/6.6–10.2; section thickness, 5 mm; intersection gap,
1 mm; field of view, 22–40 cm; and matrix, 256 × 192–448 × 224. Transverse,

coronal, and sagittal T2-w fast spin-echo images were acquired with the fol-
lowing parameters: 2,500–7,700/83.3–143.5; section thickness, 3–4 mm; in-
tersection gap, 0–1 mm; field of view, 14–24 cm; and matrix, 288 × 288–448 × 224.
Diffusion-weighted sequences were performed in the transverse plane by using a
single-shot spin-echo echo-planar imaging sequence with two b values (0 and
1,000 s/mm2) (3,500–5,675/70.3–105.6; section thickness, 3–4 mm; no intersection
gap; field of view, 14–24 cm; matrix, 96 × 96–128 × 128) and with the same
orientation and location used to acquire transverse T2-w images. The ADCmaps
were computed from Advanced Workstation (GE Medical Systems). The excised
prostates, following the amputation of seminal vesicles, were serially sectioned
from apex to base at 3- to 5-mm intervals and submitted as whole-mount
sections for histopathologic examination. The Gleason grade patterns in each
lesion were determined, and the corresponding lesion borders were outlined
on each slide. More details of MR image acquisition and the histopathological
analysis are provided in ref. 29.

Image Segmentation. Tumors and normal structures were identified and
volumetrically segmented on both the T2-w and ADC MR images by three
readers in consensus: one genitourinary imaging research fellow (A.W.), one
clinical urology research fellow (T.G.), and one pathology research fellow (K.M.),
using 3DSlicer (30) as described in ref. 29. PCa foci ≥0.5 mL were first identified
from the pathology whole-mount step-section tumor images. Given the similar
slice thickness of the step-section (3–5 mm) and the MR images (5 mm), visual
coregistration was used to find the corresponding slices on the T2-w and ADC
MR images. Furthermore, anatomical landmarks including urethra, ejaculatory
ducts, prostatic capsule, and well-delineated hyperplastic nodules were used to
pinpoint the appropriate tumor. The draw tool available in the Editor module
of the 3DSlicer was used to delineate the tumors in multiple slices. In addition
to tumors, a noncancerous prostate region was delineated in both the pe-
ripheral zone (PZ) and the transition zone (TZ) of each patient and marked. To
avoid any errors from automatic registration, the tumors and normal structures
were drawn on both T2-w and ADC images.

Texture Features. First- and second-order texture features were computed
from the T2-w and ADC MR images following preprocessing and intensity
rescaling (0–255). The first-order features consisted of the moments of the
intensity volume histogram (mean, SD, skewness, and kurtosis) computed
from the structure ROI. The second-order features, namely the Haralick
features (31), were computed using the gray level co-occurrence matrix
(GLCM) with 128 bins and consisted of energy, entropy, correlation, homo-
geneity, and contrast. The first-order features were computed from an in-house
software implemented in Matlab (32) and the Haralick features from an in-
house software implemented in C++ using the Insight Toolkit (ITK) (33).

Sample Augmentation Through Oversampling. Class imbalance can adversely
impact the performance of a classifier wherein all of the samples are classified
as the majority class, thereby obtaining fairly good classification accuracy,
albeit with low specificity or sensitivity. Oversampling (34) and sample
weighting (35) are two solutions to address this problem. Our work builds on
ref. 34 and used two different sampling approaches: (i) sample generation
from joint weighting of multiparametric features using synthetic minority

Fig. 1. Example of (A) a GS 6ð3+ 3Þ tumor and (B) a GS 9ð4+ 5Þ tumor. The top row shows the ADC image with the computed energy and entropy values
overlaid on the tumor. The bottom row shows the T2-w MR image with the computed energy and entropy values overlaid on the same tumor on the
corresponding slice. The texture features were computed per voxel by using a 5× 5× 5 patch centered at each voxel.
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D. Fehr et al. “Automatic classification of prostate cancer Gleason scores from multiparametric 
magnetic resonance images,” Proc Natl Acad Sci USA, vol. 112, no. 46, pp. E6265–E6273, Nov. 2015.
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