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Objective: evaluate the predictive power of radiomics features
from ROIls segmented by experts
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WP3 Task 3: Radiomics in prostate cancer

. ] ] PI-RADS
Tumor classification on MR images of prostate

by ML algorithms

PI-RADS 1 = Very low (clinically significant cancer highly unlikely)
PI-RADS 2 = Low (clinically significant cancer unlikely)

PI-RADS 3 = Intermediate (clinically significant cancer equivocal)
PI-RADS 4 = High (clinically significant cancer likely)

PI-RADS 5 = Very high (clinically significant cancer highly likely)

Prostate cancer diagnosis is performed by using T2w- and

ADC MR images

T2w-MRI ADC-MRI

Peripheral Zone Transitilon Zone
!

DWI/ADC T2WI

1 pwrADC  normal PI-RADS 1 —— 1 Normal

Circumscribed hypointense

PI-RADS 2 g 2 or heterogeneous
encapsulated nodules (BPH)

2 DWI/ADC indistinct
hypointense

Classification with PIRADS (“Prostate Imaging Reporting and N
Data System”) scale 3 o

. iso/mild hyper-
intense

Heterogeneous signal

intensity with obscured
3 margins or lesions that do

not fall in other categories

ADC — focal markedly

| Lenticular or noncircum-
hypointense

scribed, homogeneous,
4 moderately hypointense

American College of Radiology website. Prostate imaging reporting & data system (PI-RADS). 4 markedly hyper-
and <I.5cm

https://www.acr.org/media/ACR/Files/RADS/Pi-RADS/PIRADS-V2-1.pdf?la=en. DWI = intense

Similar to 4 but = 1.5cm

5 or definite extraprostatic
extension

P . . Similar to 4 but = 1.5cm
Boesen L, Chabanova E, Logager V , Balslev |, Thomsen HS. Apparent diffusion coefficient ratio correlates 5 or definite extraprostatic

significantly with prostate cancer Gleason score at final pathology. J Magn Reson Imaging. 2015;42:446-453. extension



Step 1: FIRST analysis

T2w

> 46 Patients recruited at the Polyclinic
University Hospital of Palermo
(26 benign lesion and 20 tumoral tissues)

> T,-weighted and ADC images

> Histological results of biopsy 'degzgfﬁé'fggfl ianRO' in the eS'OQSrig'rﬁpofnd

Obijective: evaluate the predictive power of .
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Feature extraction

A computer software
for colculation of texture parameters
n digitized images

MaZda is a computer program for calculation of
texture parameters (features) in digitized images.

Small ROls with cross shape

Szczypinski, P.M., Klepaczko, A., MaZda - A framework for biomedical image texture
analysis and data exploration, Biomedical Texture Analysis: Fundamentals, Tools and
Challenges, 2017, pp. 315-347

About 300 features (shape, histogram, texture,
wavelet-filters)

Intensity

0(3

o, 0%

Wavelet

ak \tt\

Texture

Challenges: Not many images,
unbalanced classes, possibly
redundant features (about 300)
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Model selection

suiorpaur ut

MODEL SELECTION GRID SEARCH

L Look for best combination of J
T
LV
Data Scallng SCALERS EMBEDDING SRR
. Standard Scaler « Factor Anfllysis e Linear Kernel
. . . . « Kernel Driven SVM
Dimensionality reduction PCA « Isotropic GPC
« Robust Scaler : l(f:(:lcissl:;‘, e Random Fo.rest
Classification Method Y Pt
. Stochastic MR
Neighbour
Embedding
N\ S )

O
BEST RESULT

Classifier Fine Tuning Random Search ]

Machine Learning with Scikit-Learn

@ python ‘eeam [
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PREVIOUS RESULTS

Control

Lesions Turr AP e
S(3,-3)SumVarnc,
Best model: i . 2o
* Scaler: Robust Scaler [ S * PC7:5(0,5)SumAverg
« Embedding: 15 components P gpei S g Y vy
linear kernel PCA Tidek £ Pore oo
 Classifier: Random Forest . PCO:Perc.01%,

S(5,-5)DifVarnc,
. S(3,-3)AngScMom,

Crossvalidated Performance: ggAgl)Q\VanMom,
- gScMom

average accuracy ~ 0.68

Control [Lesion |Lesion+Tumor
Control 38 5 3
Lesion 9 . 12
Lesion+Tumor|4 4 12
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Adding knowledge about features o o Lecion
—&— Lesion+Tumour g
0.35 — CutOff

Best Solution: LR with EN mixed penalty
* L1-L2 mixed Elastic Net penalization gives o
best balance between induced sparsity

(feature selection) and retained information

o
N
wu

©
for predictive performances %
* Best model for prediction and most %uzo
representative features for each class are S
simultaneously found 013
* Uninformative features are pruned
0.10
Controls Features: Mean, Skewness, Lesion Features: Skewness, S(4,- 0.05
Perc.01%,Perc.10%, S(1,0)AngScMom, 4)SumVarnc, S(5,0)AngScMom,
S(1,0)SumAverg, S(O,1)SumAverg, S(0,5)InvDfMom, S(5,-5)Contrast, Teta4,
S(1,1)SumAverg, S(1,-1)SumAverg, WavEnLLs-1, WavEnLLs-2 0.00
S(2,0)SumAverg, S(0,2)SumAverg, S(2,- T % p oy - oo
ggumovergv ss((g’g))lsugmllerg, S(3- Lesion+Tumour Features: Perc.01%, Ranked Features Array
umvarnc, 5(5,U)invUil¥lom, Perc.10%, S(3,-3)SumVarnc, S(4,- i o~
S(5.0)SumAverg. 135drLngREmph AN e Cross Validated performance: ~ 0.72 average accuracy
S(5,5)AngScMom, S(5,5)DifVarnc,S(5,- . 2
5)Contrast, S(5,-5)SumVarnc, S(5,- Control [Lesion | Lesion+Tumor
5)DifVarnc, GrSkewness, WavEnLLs-1,
WavEnHHs-1, WavEnLLs-2 Contr()l 39 4 3
Lesion 6 8 12
Zou, Hui; Hastie, Trevor (2005). "Regularization and Variable Selection via the Elastic LeS|0n+Tum0|' 2 8 10

Net". Journal of the Royal Statistical Society, Series B. 67 (2): 301-320



(NFR SN, 2023

Step 2: Second analysis

ROI identification

Dataset

* 74 Tumors (PIRADS 4 and 5) & 74 Controls tissues
(balanced classes), T2w and ADC MR data

pyradiomics
e Circular ROl in a singular slice & python

+
C<O RADIOMICS

*  Features’extraction through pyradiomics

Lesion Health tissue

* ca. 800 starting features

L)
e
)

image filters J

.. & |
4
dh & @

—> 1storder texture shape —
(histogram)

van Griethuysen, J. J. M., Fedorov, A., Parmar, C., Hosny, A., Aucoin, N.,
Narayan, V., Beets-Tan, R. G. H., Fillon-Robin, J. C., Pieper, S., Aerts, H. J.
W. L. (2017). Computational Radiomics System to Decode the Radiographic
Phenotype. Cancer Research, 77(21), e104—-e107.

feature extraction




MACHINE LEARNING METHODS
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PCA+fine tune random forest (f1, accuracy 0.76 - 0.8)

BORUTA Robust Features

BORUTA feature selection + fine tuned random forest (f1,accuracy 0.86 - 0.9)

Evolution of the first pipeline with a more robust feature
selection that does not depend on the various user-
defined thresholds

original firstorder lOPercentile
original firstorder 90Percentile
original firstorder Maximum
original firstorder Mean

original firstorder Median
original firstorder Minimum
original firstorder RootMeanSquare
d

wavelet-

HLL firstorder 10Percentile
wavelet-

HLL firstorder 90Percentile
wavelet-

HLL firstorder InterquartileRange
wavelet-HLL firstorder Maximum
wavelet-

HLL firstorder MeanAbsoluteDeviati
on

wavelet-HLL firstorder Mean
wavelet-HLL firstorder Median
wavelet-

HLL firstorder RobustMeanAbsoluteD
eviation

wavelet-HLL firstorder Variance
wavelet-

HLH firstorder MeanAbsoluteDeviati
on

wavelet-

HLH firstorder RobustMeanAbsoluteD
eviation

wavelet—

HLH_ firstorder Variance
wavelet—

HHL firstorder 10Percentile
wavelet—

HHL firstorder 90Percentile
wavelet- n

HHL firstorder MeanAbsoluteDe
viation n

wavelet—

HHL firstorder Variance
wavelet- n

HHH firstorder Maximum
wavelet- n

HHH firstorder MeanAbsoluteDe
viation

wavelet-HHH firstorder Range
wavelet—

HHH firstorder RobustMeanAbso
luteDeviation

wavelet—

HHH_ firstorder Variance
wavelet—

LLL firstorder 10OPercentile
wavelet- n

LLL _firstorder 90Percentile
wavelet—

LLL_firstorder Maximum
wavelet-LLL firstorder Mean
wavelet-LLL firstorder Median
wavelet—

LLL_firstorder Minimum
wavelet—

LLL_firstorder RootMeanSquare
d
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Future analyses

ZAIM :

> Analyses using the 2nd protocol on T2w-MRI data from
PIRADS3 data (at least 40 patients)

> (Classification by using all PIRADS (3, 4 and 5) data
> Analyses on ADC data and combination with T2 data

> Analyses with further classification algorithms



