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The project 
 
•  Texture analysis and machine learning have been introduced in 
     the analysis of medical images: 

      - Find new biomarkes 
 
 
      - Personalize the treatment plan 
 
 
•  Collaboration with the radiologists of Sapienza/Policlinico Umberto I  
     in the context of a funded AIRC project on the 
     stratification of response to chemoradiotherapy in patients  
     affected by rectal cancer  
 
 



State of the art 
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•  Therapy of choice for locally advanced rectal cancer 
     => Chemoradioterapy (CRT) 
     => Radical surgery (mesorectal excision)  
 
•  Limits: 
     => Overtreatment for patients with complete response  
          (Complete Responders, CR) 
     => Damaging for patients that do not respond to therapy  
          (Non Responders, NR) 
 
•  Imaging techniques: 
     => MRI imaging of choice for primary staging 
     => Not optimal to assess response to therapy (due to fibrotic tissue) 
 
 



Patient population and protocol 
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•  55 patients with histologically confirmed colorectal adenocarcinoma  
     and advanced tumor at stages II-III  

•  Each patient underwent: 
     - 3T MRI before, during (21° day) and after a adjuvant       
       chemoradiotherapeutic (CRT) treatment. 
     - complete surgical resection  
 
•  Surgical specimen served to assess the response to the therapy: 

 - 16 patients were classified as Complete Responders (CR) 
 - 27 patients were classified as Partial Responders (PR) 
 - 12 patients were classified as Non Responders (NR) 



The goal 
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•  Goal: stratify automatically the response to CRT before surgery 

   - Identify Complete Responders after CRT to (possibly) avoid surgery 
     (e.g. wait and watch strategy) 
 
   - Identify Non Responders during CRT to address them to a more 
     effective strategy 
 
 
•  Two different classifiers trained 
       => CR classifier 
       => NR classifier 



The images 
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•  T2-weighted MRI from high field (3T) scanner 
 
•  ~30 slices along the rectum axis 
  
•  Time dependence: 

                   

Region of interest (ROI) 
drawn by hand by the radiologist 
(with a specialized software) which 
contains suspect tumor tissue 
Usually 7-10 slice per scan 

NR classifier CR  
classifier    

Pre-CRT 
Mid-CRT 
Post-CRT 



Analysis workflow 
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•  Feature extraction 

•  Feature selection 

•  Training of the classifier 
 
•  Evaluate classifier accuracy 

•  Clinical usage: decision curves 
 
 



Feature extraction 

entropy  
map 

tumor Gray level histogram 

•  Extraction of quantitative data from medical images 
 
     - Parameters from gray-level intensity histogram (pixel intensity distribution)    
     - Haralick parameters (spatial patterns of the pixel intensity distribution) 
     - Local Shannon entropy  
     - Morphological parameter: ROI Volume or ROI area at the maximum tumor      
                                                         extension 

grey-level value 
of each pixel/voxel 
in the ROI 

textural features 

number of pixel/voxel= 
"tumor" dimension 



Feature list 
•  First order statistics of gray level intensity histogram 
     - mean, standard deviation, skewness, kurtosis 
 
•  Haralick parameters (from gray-level co-occurence matrix, 1-pixel spacing, 

horizontal direction) 
     - homogeneity, energy, correlation, contrast, dissimilarity 
 
•  Shannon entropy (computed in a sphere around each pixel) 
     - minimum, maximum, mean, standard deviation 
 
•  Area (in the slides where the tumor has maximum area) and Volume 
 
•  All the parameters are computed in 2D and 3D at the pre-CRT, mid-CRT  
     and post-CRT stage 
 
•  Ratios and differences at different times are computed (post-CRT/pre-CRT etc.) 
 
•   192 features in total 



Feature selection 
•  Features are analyzed individually 
•  Ranking based on the p-value of a t-student test between averages 
     over the different classes 
•  Use variable with p-value<0.01 AI algorithm 



Note 
•  Some features are significantly different on average  
     for the various classes of patients. 
    

Dissimilarity mid-CRT 

dissimilarity mid-CRT 

•  Distributions are wide and  
don't allow a separation of the  
classes on a patient basis 

•  It should be important to  
understand if these widths are  
due to instrumental effects  
or to biological variations (some 
intensity normalization schemes  
tested and discarded) 
	



AI algorithm 
•  Random Forest: a classifier from the family of the decision trees 
 
•  Robust with small data samples 

•  2000 trees, bagging fraction = 0.6 

•  Training cohort = 28 patients 

•  Validation cohort = 27 patients 

•  Two classifiers 

    - CR classifier: discriminate CR vs other (PR+NR) 
      Use pre-CRT, mid-CRT, post-CRT features 
    - NR classifier: discriminate NR vs other (CR+NR) 
      Use pre-CRT, mid-CRT 
 

Figura 12: Rappresentazione grafica di un albero decisionale.

Il singolo albero decisionale è strettamente connesso con il suo insieme di adde-
stramento: ciò lo espone ad un elevato rischio di sovrallenamento. Per risolvere
questa problematica, sono stati sviluppati numerosi metodi che si fondano tut-
ti sulla combinazione di diversi alberi: un meccanismo di questo tipo è detto
crescita di una foresta. Nel seguito saranno discussi tre metodi a titolo di
esempio.

5.7.1 Boosted Decisional Tree with Gradient

Si esprima il responso di una foresta come:
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ovvero il classificatore è la somma pesata su una base di funzioni parametriche,
dette classificatori deboli. Il problema, si è dunque spostato sulla individuazione
dei parametri P tali per cui si abbia una minimizzazione della deviazione tra il
responso del classificatore F (x̨) e la vera etichetta y.La scelta della funzione per
stimare questo scarto, determina il metodo di boosting. Per il BDTG è possibile
dimostrare che la funzione è della forma:

L(F (x̨), y) = ln[1 + e

≠2y·F (x̨)] (44)

La tecnica di boosting con gradiente consiste, quindi, nel calcolare il gradiente
di L e di individuare l’albero che, all’interno della foresta, più si avvicina ad
esso. Reiterando questo processo, si seleziona una foresta che, grazie a questo
meccanismo di selezione, è meno soggetta al sovrallenamento.
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Random Forest results 
•  CR  Classifier accuracy 

    AUC = 0.94 (95% CI: 0.89,0.99)     
    Sensitivity@Contamination=0 => (38 ± 15)% 
 
     
Receiver Operator  
Characteristic (ROC) 

sensitivity =  true positive rate 
                  => efficiency 
specificity = true negative rate 
                   => 1-contamination 
AUC = Area Under Curve 
         = probability of correct 
            ordering 
 
simple model = 
classification based only 
on tumor area likelihood 
 



Random Forest results 
•  NR  Classifier accuracy 

    AUC = 0.86 (95% CI: 0.80,0.90)  
    Sensitivity@Contamination=0 => (18 ± 8)% 
 
     



Decision curve analysis 
•  The AUC metric focuses on the predictive accuracy of a model 
 
•  Decision curve analysis includes clinical consequences  
 
 p = probability that a patient is a CR according to a given model 

 
pth = threshold probability decided on the basis of clinician evaluation 
 
if p>pth => patient not going to surgery (e.g. watch & wait) 
if p>pth => patient going to surgery 

pthP = (1− pth )L

P = profit to avoid surgery to a true CR 
L = loss to leave the tumor to a false CR 
NCRtrue (pth) = fraction of true CR 
NCRfalse (pth) = fraction of false CR 
  

pth =
L

(L +P)

Net benefit for patients 
not going to surgery : 
 
 benefit = NCRtrue(pth )− NCRfalse(pth )

pth
1− pth

benefit = NCRtrueP − NCRfalseL

=> NCRtrue − NCRfalse
L
P

= NCRtrue − NCRfalse
pth

1− pth



Decision curve of CR classifier 
•  Our CR classifier model is compared to: 
 
-  All no surgery: all patients are considered CR and nobody is sent to surgery 
-  All to surgery:  nobody is considered CR (NCRtrue=NCRfalse=0) 
-  A simple predicition model that uses the likelihood of the tumor area 
-  Our AI model is better than the others in the zone where we probably are 
   (pth=L/P is high in our case since probably avoid surgery to a patient that 
   needs it causes death)    
 
 



Decision curve of NR classifier 
•  Our NR classifier model is compared to: 
 
-  All suspend CRT: all patients are considered NR  
-  Nobody suspend CRT 
-  Our AI model is better than the others for pth<0.6 
 



Conclusions 

•  Machine Learning based analysis of quantitative features of T2-w 
     MRI images is sensitive to response to CRT in rectal cancer 
 
•  Distributions of  features are wide->instrumental 
     effects or biological variations? => crucial to compare images from 
     different scanners 
 
•  We built two classificators (Random Forest) to separate CR vs PR+NR 
     and NR vs CR+PR. Figures of merit: 
     - CR vs PR+NR  ROC AUC= 0.94 
      - NR vs CR+PR  ROC AUC = 0.86 
 
•  Clinical decision curve analysis confirms 
    utility of the model 
 
•  Data size is low => crucial to increase the number of patients 
  
 

  Multicentric study 
      is envisaged 
   



Backup 
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Image pre-processing 
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Sono state 
selezionate a 
mano 
delle ROI  
muscolari 

La media dei 
livelli di grigio 
è usata come 
normalizzazione 
	

•  Grey-level intensity normalization 

     - In MRI a given tissue may result in a different grey-level  
       depending on the conditions 
 
•  We studied the possibility to apply a grey-level intensity normalization 
     with 2 different methods: 
     -  histogram matching 
     -  normalization to otturtory muscle 
 
•  No significant improvement was observed on a subsample of patients 
     => go without normalization 
 
•  Study intensity cut: select pixels  with I>Imax(ROI)*f  f=0.1-0.3-0.5 
 
•  Study Laplacian Gaussian filter (scale=1-4mm) 



Normalizzazione al muscolo 
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Sono state 
selezionate a 
mano 
delle ROI  
muscolari 

La media dei 
livelli di grigio 
è usata come 
normalizzazione 
	

Provato su un sotto campione->no miglioramenti significativi 



First order Features 
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Sono state 
selezionate a 
mano 
delle ROI  
muscolari 

La media dei 
livelli di grigio 
è usata come 
normalizzazione 
	

First	order	sta+s+cs	of	gray	level	intensity	histogram		



Second order Features 
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Sono state 
selezionate a 
mano 
delle ROI  
muscolari 

La media dei 
livelli di grigio 
è usata come 
normalizzazione 
	

Gray	level	co-occurence	(GLCM)	matrix	features	(Haralick	features)		



Entropy 
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Sono state 
selezionate a 
mano 
delle ROI  
muscolari 

La media dei 
livelli di grigio 
è usata come 
normalizzazione 
	

Shannon	entropy		


