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Brief introduction
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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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• 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% 

Application on prostate cancer 

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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• 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

• Recognise non-responders and complete responder 
patients during the CRT (before surgery)
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MaRIANNe 
MAgnetic Resonance Image Analysis with Neural NEtworks

• Project proposed to Lazio Region funding scheme  
“Progetti Gruppi di Ricerca, Conoscenza e cooperazione per un nuovo modello di sviluppo (L.R. 
13/2008 - art. 4)” del Programma Strategico regionale per la ricerca, l’innovazione ed il 
trasferimento tecnologico della Regione Lazio” 

• Leaded by ISS, PI: Paolo Del Giudice 

• Collaboration with:  
• INFN-Roma1 and Roma3  
• CNR-ISC 
• Umberto I San Camillo-Forlanini and Sant’Andrea 

• With the endorsement of 4 private companies (one of them is IBM) 

• Positively assessed but not granted
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The software tool we developed
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Software tool

• We developed a custom open-source package in python 
https://github.com/carlomt/dicom_tools 
https://pypi.org/project/dicom-tools/ 

• The software is able to: 
• read and visualize images in dicom format - import and visualize ROI 
• draw new ROIs 
• allows grey-level intensity normalization  

(histogram matching and to a pre-defined ROI) 
• implements image filters 
• implements segmentation tools  
• implements texture analysis

�10

https://github.com/carlomt/dicom_tools
https://pypi.org/project/dicom-tools/


dicom_tool dicom_tools 

6	

local Shannon entropy 

Laplacian 
of Gaussian filter 

Region of interest (ROI) selected 
by hand by radiologists  T2w slice 
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dicom_tool

It allows to 
open a 
python 
interactive 
shell from 
which you 
can call 
methods 
and have 
full access 
to memory
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ROOT interface

• dicom_tools can also export analysis results in ROOT 

• A modular scientific software framework 

• The most used in High Energy Physics 

• Developed at CERN 

• It provides all the functionalities needed to deal with big data processing, 
statistical analysis, visualisation and storage.  

• Open-source 

• Mainly written in C++ but integrated with other languages such as 
Python and R

https://root.cern.ch/
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Normalization

• Intensity in MRI has not an immediate physical meaning  
(unlike Hounsfield units in CT) 

• This affects data analysis that rely on intensity  

• To compare outputs from different machines/centers 

• But also to compare two different images during the 
same acquisition (i.e.: same patient) 

• A calibration would be useful
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Normalization to the muscle

• Manually select a "normalization" ROI for each slice  

• Only one point…
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ITK Interface

• Dicom_tools is interfaced with:  
Insight Segmentation and 
Registration Toolkit (ITK)  

• It is an open-source, cross-platform 
system that provides developers with an 
extensive suite of software tools for image 
analysis  

• Developed through extreme programming 
methodologies, 
it employs leading-edge algorithms for 
registering and segmenting 
multidimensional data 

ITK interface 

7	

•  Dicom_tools is interfaced with: 
 
      Insight Segmentation and    
      Registration Toolkit (ITK) 
 
•  It is an open-source, cross-platform 

system that provides developers 
with an extensive suite of software 
tools for image analysis 

•  Developed through extreme 
programming methodologies, 

     it employs leading-edge algorithms    
     for registering and segmenting    
     multidimensional data 

https://itk.org/
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Connected threshold

• A Region Growing algorithm 
• Starts from a seed point 
• pixels in the neighbourhood are 

evaluated to determine if they 
are part of the object 

• If so, they are added to the 
region and the process 
continues as long as new 
pixels are added to the region

• Connected threshold includes pixels in the growing region if 
inside a given intensity interval
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Morphological Watersheds

• Classifies pixels into regions using gradient 

• it produces a region for each local minimum 

• to alleviate the over-segmentation, it is possible to define a 
minimum watershed depth 

• the watershed depth is the difference in height between the 
minimum and the lowest boundary point
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Morphological Watersheds

• This technique is less 
sensitive to user-
defined thresholds 
than classic region-
growing methods 

• may be better suited 
for fusing different 
types of features from 
different data sets

• it produces hierarchy of segmentations from which a single region or 
set of regions can be extracted a-priori, using a threshold, or 
interactively, with the help of a graphical user interface
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Morphological Watersheds

• Preliminary results are 
encouraging 

• We have to optimize all the 
parameters  

• 3D segmentation
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Segmentation with Asterism

• Asterism is a python tool developed by Andrea Tramacere 
(Observatory of Geneva) 

• made for finding clusters in astrophysical images (Fermi)
�21



Histogram matching

• One image is used as template 

• It assumes the same amount of 
pixel per region in the image and 
in the template 

• Recognizes regions using the 
cumulative distribution of the 
image and the template 

• Assigns the same region color to 
the image pixels as the template
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Results of Histogram Matching
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Contrast Limited Adaptive Histogram Equalization 

• Histogram equalization for each section of the image 

• Contrast amplification is limited to avoid noise 
amplification 
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Deep Learning
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Deep Learning

• Each rectangular image is a feature map 
• A score is computed for each image class in output 
• ReLU = rectified linear unit

raw pixels could not possibly distinguish the latter two, while putting 
the former two in the same category. This is why shallow classifiers 
require a good feature extractor that solves the selectivity–invariance 
dilemma — one that produces representations that are selective to 
the aspects of the image that are important for discrimination, but 
that are invariant to irrelevant aspects such as the pose of the animal. 
To make classifiers more powerful, one can use generic non-linear 
features, as with kernel methods20, but generic features such as those 
arising with the Gaussian kernel do not allow the learner to general-
ize well far from the training examples21. The conventional option is 
to hand design good feature extractors, which requires a consider-
able amount of engineering skill and domain expertise. But this can 
all be avoided if good features can be learned automatically using a 
general-purpose learning procedure. This is the key advantage of 
deep learning. 

A deep-learning architecture is a multilayer stack of simple mod-
ules, all (or most) of which are subject to learning, and many of which 
compute non-linear input–output mappings. Each module in the 
stack transforms its input to increase both the selectivity and the 
invariance of the representation. With multiple non-linear layers, say 
a depth of 5 to 20, a system can implement extremely intricate func-
tions of its inputs that are simultaneously sensitive to minute details 
— distinguishing Samoyeds from white wolves — and insensitive to 
large irrelevant variations such as the background, pose, lighting and 
surrounding objects. 

Backpropagation to train multilayer architectures 
From the earliest days of pattern recognition22,23, the aim of research-
ers has been to replace hand-engineered features with trainable 
multilayer networks, but despite its simplicity, the solution was not 
widely understood until the mid 1980s. As it turns out, multilayer 
architectures can be trained by simple stochastic gradient descent. 
As long as the modules are relatively smooth functions of their inputs 
and of their internal weights, one can compute gradients using the 
backpropagation procedure. The idea that this could be done, and 
that it worked, was discovered independently by several different 
groups during the 1970s and 1980s24–27.  

The backpropagation procedure to compute the gradient of an 
objective function with respect to the weights of a multilayer stack 
of modules is nothing more than a practical application of the chain 

rule for derivatives. The key insight is that the derivative (or gradi-
ent) of the objective with respect to the input of a module can be 
computed by working backwards from the gradient with respect to 
the output of that module (or the input of the subsequent module) 
(Fig. 1). The backpropagation equation can be applied repeatedly to 
propagate gradients through all modules, starting from the output 
at the top (where the network produces its prediction) all the way to 
the bottom (where the external input is fed). Once these gradients 
have been computed, it is straightforward to compute the gradients 
with respect to the weights of each module. 

Many applications of deep learning use feedforward neural net-
work architectures (Fig. 1), which learn to map a fixed-size input 
(for example, an image) to a fixed-size output (for example, a prob-
ability for each of several categories). To go from one layer to the 
next, a set of units compute a weighted sum of their inputs from the 
previous layer and pass the result through a non-linear function. At 
present, the most popular non-linear function is the rectified linear 
unit (ReLU), which is simply the half-wave rectifier f(z) = max(z, 0). 
In past decades, neural nets used smoother non-linearities, such as 
tanh(z) or 1/(1 + exp(−z)), but the ReLU typically learns much faster 
in networks with many layers, allowing training of a deep supervised 
network without unsupervised pre-training28. Units that are not in 
the input or output layer are conventionally called hidden units. The 
hidden layers can be seen as distorting the input in a non-linear way 
so that categories become linearly separable by the last layer (Fig. 1). 

In the late 1990s, neural nets and backpropagation were largely 
forsaken by the machine-learning community and ignored by the 
computer-vision and speech-recognition communities. It was widely 
thought that learning useful, multistage, feature extractors with lit-
tle prior knowledge was infeasible. In particular, it was commonly 
thought that simple gradient descent would get trapped in poor local 
minima — weight configurations for which no small change would 
reduce the average error. 

In practice, poor local minima are rarely a problem with large net-
works. Regardless of the initial conditions, the system nearly always 
reaches solutions of very similar quality. Recent theoretical and 
empirical results strongly suggest that local minima are not a serious 
issue in general. Instead, the landscape is packed with a combinato-
rially large number of saddle points where the gradient is zero, and 
the surface curves up in most dimensions and curves down in the 

Figure 2 | Inside a convolutional network. The outputs (not the filters) 
of each layer (horizontally) of a typical convolutional network architecture 
applied to the image of a Samoyed dog (bottom left; and RGB (red, green, 
blue) inputs, bottom right). Each rectangular image is a feature map 

corresponding to the output for one of the learned features, detected at each 
of the image positions. Information flows bottom up, with lower-level features 
acting as oriented edge detectors, and a score is computed for each image class 
in output. ReLU, rectified linear unit.

Red Green Blue

Samoyed (16); Papillon (5.7); Pomeranian (2.7); Arctic fox (1.0); Eskimo dog (0.6); white wolf (0.4); Siberian husky (0.4)

Convolutions and ReLU

Max pooling

Max pooling
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Convolutions and ReLU
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Segmentation

• Identify a portion of an image given the context 

• Many deep learning applications are about object 
recognition 

• Simple task for a humans but hard for algorithms 

• Challenge: 

• Small dataset
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ProMISe Challenge

• Prostate MR Image Segmentation 2012 

• The data includes both patients with 
benign prostatic hyperplasia and 
prostate cancer.  

• The data includes both patients with 
benign prostatic hyperplasia and 
prostate cancer.  

• 50 cases (about 500 usable slices)  

• Reference segmentation included
�28
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U-net

• developed for 
biomedical image 
segmentation 

• fully convolutional 
network  

• consists of a 
contracting path 
and an expansive 
path

U-net : Motivazioni
Hanno un input della stessa taglia 
dell’output e generalizzano il contesto.

L’idea iniziale è di passare alla rete 
intere slices di MRI
Questo approccio può far riconoscere 
le zone con posizioni poco probabile di 
zone tumorali ed escluderle 
automaticamente.
Snella (2x107 parametri) 

circa 100 mb model weight size

con12GB 8-16 slice per batch
�29
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Data augmentation

• Essential to teach the network the desired invariance and 
robustness properties  

• Especially when few training samples are available  

• Shift and rotation  

• Deformations and intensity variations  

• Random elastic deformations 
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A convolutional block

InvertedNet vs. All Drop-Out

InvertedNet All Drop-Out

Parameters 1.4 M 31 M
AUC 0.93 0.90
Mean Dsc 0.82 0.83
Mean 
Volumetric 
Dsc

0.80 0.82

Volumetric 
Dsc std

0.1 0.09
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Modifications of U-net

• All Drop-Out 
• 30 M parameters  
• dropout after every 

convolutional  

• InvertedNet 
• less parameters 
• 1.4 M parameters 

InvertedNet vs. All Drop-Out

InvertedNet All Drop-Out

Parameters 1.4 M 31 M
AUC 0.93 0.90
Mean Dsc 0.82 0.83
Mean 
Volumetric 
Dsc

0.80 0.82

Volumetric 
Dsc std

0.1 0.09
[img. from: A.Novikov et al. 

arXiv:1701.08816v4]
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Cost function and its optimization

• Dice's coefficient (or Sørensen index, or also similarity coefficient) is 
for estimating the similarity of two samples  

• It equals twice the number of elements common to both sets divided 
by the sum of the number of elements in each set: 
 
 

• Optimized using Adam (Adaptive Moment estimation),  
a stochastic gradient descent algorithm  

• The speed is function of the running averages of the gradients and 
the second moments of the gradient
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CDice = 2

P
i (xi · �i) + ✏P
i (xi + �i) + ✏
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Results - Inverted Net
Inverted Net (1.4 M parameters)

Inverted Net (1.4 M parameters)Inverted Net (1.4 M parameters)

Inverted Net (1.4 M parameters)

• 1.4 M 
parameters  

• 38 patients for 
training 

• 16 for test
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All Drop-Out (30 M p.)

All Drop-Out (30 M p.)

All Drop-Out (30 M p.)

Results - All Drop-Out

• 30 M 
parameters  

• 4 times 
slower than 
InvertedNet
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Summary

• MR Images could be analysed to find features not-visible 
even to trained Medical Doctors 

• We developed a tool to import images converting them to 
3D numerical tensors 

• It allows to pre-process the data and compute texture 
parameters 

• We started to apply Deep Learning algorithms
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