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Radiomics (Machine Learning)
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Dedicated imaging “omics”
Serving data to clinicians by means of mathematics analysis

Broadly applied in the field of oncology

vv Assumed that images contain information of disease-specific

N

processes that are imperceptible by the human eye




Radiomics Steps

Imaging
Image Segmentation

e  3D-Slicer-MITK-ITK-
SNAP-ImageJ-LifeEX

e  Manually-
semimanually-
automatic
segmentation

e Deep learning based
was preferred

Training Algorithm

Dimension Reduction

Omitting non-reproducible, redundant, and

Image Processin
9 9 non relevant features from the dataset.

-  homogenize images from which
radiomic features will be
extracted with respect to pixel
spacing, grey-level intensities,
bins of the grey-level histogram

-  Re-segmentation and intensity
outlier filtering

- Interpolation to isotropic voxel
spacing

Feature Extraction

° feature descriptors

° adherence to the Image
Biomarker Standardization
Initiative (IBSI) guidelines

° intensity (histogram)-based

features, shape features, texture

features, transform-based

features, and radial features




g 5 Lb 3 L 4 p seal 4 2

Oles 0y 8 ol 555 o
€35 dal g )ls (sme a5 § Dglite (gHla 4o L Olles b (Sholey
QC"'&"M‘}’c:‘.b‘JJLSJ::U%@‘ﬁ)&‘jﬁ")&‘@ujaubwéwj)

W25 8 0l 1) Bsb 3yl se L5 Ol sl i3 (gl e 55

(ROI) ks 5 g0 4l o151
S P s b o el sla (S5 il S S L RO S
45em3 550> PET 5 5503 51l CT s .5 58 Ol il conlio o313l (6515 5 5 3005 55 4 4 6 Sl 0303 OLi5 Slallae

eSS esls gs:"‘)“gi X

Sl Gl 31 s 0L 4l 53y l0E o S psear sl S5 s b sbid il S (S 5 CT s
ﬁ)ﬁida@:ﬁﬁm}‘b@@\ é})}f&‘&bbU}‘g45673\4&\.&‘;k))bgb‘jz;ﬁgl&b&)‘)fﬂ)dﬁjﬂ)b&‘j:;ﬁ
S oA AL e

D

Lho:‘bé)}chq- *
.w&f&éunb«ul:s@lf




(3 0 ¢ L8 100000 L2 7) 2506 sl s s alea 31 (NET) S 530558 6la 55

AL i b el GigA 2 e e e B0 aiiles W NET
o) CALEL jeia la of g e g atS jg 5 Gl (Sae G i adai e o la ) ga gl opl

t b (oand caladd (Sl gHla (e pd 5 e al ) Aol asa s WNET 6\ﬁ@ﬁ§@uﬁgu TS
Peptide receptor radionuclide therapy (PRRT)) iy s2i )8 wlS 5 g0l y b (la 2

497keV (78.6%) 208keV (11%)

176keV (12.2%) 113keV (6.6%)

384keV (9.1%)




SPECT Sy gucad
O oy ele Jle s Can
S35 b 5ol Gy
a8 S gl e S glsa

SPECT _nsbai s4aa
5(128%128) alxil (s la
4/8mm?3 e JuSs

RSP

SPECT _u st olai

O 53 Bt Ol bay

JuSIEMENS L&
4 £ 2016

5P Sl gl

AT B JJ\A}.}J\J tﬂ;;}'
o O ou h I
JET- N

Reai 61 o sana
Jlen 22 5 SPECT

A Ol glan g O J8
4 CT nsal S Dl
el 93 3 el e Adh S
ola 02 3l g2 J/uu wCT

1)asd CT _usbal ol jlan
L alidg slacsanl B
RN
RSP

Al CT _nsbal (s4at
b (512%512) ol
s adlsl salals I
_J.'\.Jj..i U'_}}Léla

Dasbeal 55 J/J&-uhmauj
ol b SLlail CT
TMM3 b JaS 5 4y sluas
A Jaag

3 CT sal 72 e gana
3 aallas 2 ) 5e Jlan 32




gl galy dnkad

Segmentation
A8 e el Sl sl 5 Siila g At ¢t Gaob 4w 43 (ROI) sy anksd

\ raline sledis) culea 5 Ll e

/ A sl (YL ol ) S Gl (Sl il At 5 Sila ) (g2 axdad >
. (380 Jwd Clla 5 il

N

.‘
\
.

Manual e (g ol 383 52 5800 aladl (anadie (S 3 Jau g s (521 4addd

Semi-automatic ] S 3 4 s
Normal tissue L R o) 90 e (S AR




gl aOl y (w

135 Ax 5 A5 dia 4 b (S ) adul 5 Jd

AR e il (texture features)Eh cla Sy s o Laivee b JuS 50 00l o @l o
b Jaa QS Sl Jusy 49 sbeat ol o

e (e (31 Gl 0K G351 Gl Al Jasbal o

Resampling .|

bit-depth resampling & gray_level resampling .l
smearing & Low_pass filtering .1l

band_pass filtering .IV

Laplacian of Gaussian(LoG) .V
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Feature Extraction

Intensity

Texture

Shape

D

Filtered

Feature description
Pre-processing & filtering
Software implementation
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» |Imaging Biomarker Explorer(IBEX)

» PyRadiomics

= Radiomics Enabler

= Computational Environment for Radiological Research(CERR)
= 3D Slicer
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o Wrapper
sequational forward selection
sequational backward selection
genetic algorithms

o Filter
univariate ranking algorithms
Wilcoxon rank-sum
t-test
Euclidean distance

multivariate filters
MRMR
Markov-blanker

o Embedded algorithms
LASSO
random forest
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https://datascience.stackexchange.com/questions/30589/how-to-interpret-fpr-and-tpr-in-roc-curve
https://hackernoon.com/making-sense-of-real-world-data-roc-curves-and-when-to-use-them-90a17e6d1db
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https://www.cancercenter.com/diagnosing-cancer/diagnostic-procedures/immunohistochemistry
https://www.cancercenter.com/diagnosing-cancer/diagnostic-procedures/immunohistochemistry
https://www.cancercenter.com/diagnosing-cancer/diagnostic-procedures/immunohistochemistry
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Appendix F: Edmonton Symptom Assessment
System (revised version)

Please circle the number that best describes how you feel NOW:

No pain tl2] 34| s| 6| 7|89 10| worntposible
pain
No tiredness tl2] 34| s | 6| 7|8 | 9| 10 worstposible
Tiredrsess = lack of eniergy tiredness.
No drowsiness 1 2 3 4 5 & 7 B 9 10 ‘Worst Pu;slble
Dirosvsiness = feeling sleepy drowsiness
No nausea tl2] 34| s | 6|7 |89 10| worntposible
nausea
4| Nolackofappette | 1 | 2 | 3 | 4 | 5 | 6 [ 7 | 8 | 9 | 10 | Worst possible lack
Seos R Do of ppetitc
2 K B 3 No shortness of tl2] 34| s | 6|78 9|10 worntposbl
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1.When you have large number of observations in training data.
2.Number features < number of observations in training data.

3.1t performs well when data has mixture numerical and categorical features or just numeric
features.

4.When the model performance metrics are to be considered.
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Limitation

Limitted samples Noise in CT protocols
reproducibility of radiomic studies often poor imaging protocols are often not controlled

Limitted time for receving r nse after . "
26T 2 FREENI T DEIEE E Poor separation of type and position of tumer
treatment
patient geometry, which impact the levels of radiomics studies often based on
noise and presence of artifacts in image retrospectively data
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Translation of radiomics into clinic Justifvi o
ustifying use of radiomics in clinic

1) Outputs should be valid
@ 2) Prospective and prospective-retrospective
studies should be conducted
3) Patients benefit

Model development and validation

1) Overfitting and underfitting

2) Ability of model

3) Handling ambiguous output

4) Test performance and updating

Imaging and Feature extraction

1) Image Acquisition

. E E 2) List of quantitative features

3) Validity of features
4) Corrective Measures

Clinical Use of the test

1) Usage of radiomics should be specified.
2) Usage of radiomics should have extra
benefits.
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