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Image Acquisition Settings:
Tube Current

« Images acquired on GE
and Toshiba at 10-12
different mAs settings

« Variability compared to
inter-patient variability of
106 NSCLC patients

« Tube current unlikely to
significantly affect
radiomics features for
patients

Feature mA-s Dependence hyufi i
Acrylic Cork
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Mackin, Dennis, et al. "Effect of tube current on computed tomography radiomic features."
Scientific reports 8.1 (2018): 1-10.
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Image Acquisition Settings:
Reconstruction Kernel

« Lung phantoms?! and patients?2 analyzed using different kernels

« Significant difference between sharp and smooth or
standard and lung reconstructions

(a) ‘ (b) A (c) . (d) A (e) ‘ (f) A

1Zhao, Binsheng, et al. "Exploring variability in CT characterization of tumors: a preliminary phantom study." Translational oncology 7.1 (2014): 88-93.
2Zhao, Binsheng, et al. "Reproducibility of radiomics for deciphering tumor phenotype with imaging." Scientific reports 6.1 (2016): 1-7.
3Lu, Lin, et al. "Assessing agreement between radiomic features computed for multiple CT imaging settings." PloS one 11.12 (2016): e0166550.
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Image Acquisition Settlngs
Voxel Size -

 Phantom studies!? with CCR
phantom rubber cartridge 98
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oncologica 56.11 (2017): 1544-1553.
3Mackin, Dennis, et al. "Harmonizing the pixel size in retrospective computed tomography radiomics ~

studies." PloS one 12.9 (2017): e0178524.
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Image Acquisition Settings:
Inter-scanner Variability

« Scanned updated CCR phantom on 100 CT scanners using local
head protocol, local chest protocol, and control protocol (specific
acquisition and reconstruction settings to minimize vendor
differences)

N I 2 2 2
e Total Variability = \/ Omanufacturer T Oscanner T Oresidual

« Total variability in control 57% less than total in chest
« Total variability in control 52% less than total in head
« Control protocol reduce variability >50%

Ger, Rachel B., et al. "Comprehensive investigation on controlling for CT imaging variabilities in radiomics studies." Scientific reports 8.1 (2018): 1-14.
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Image Acquisition Settings:
Summary

* Tube Current: not likely to significantly impact features
« Reconstruction Kernel: do not use dissimilar kernels together
* Voxel Size: resampling and smoothing reduce impact

« Control Protocol: reduces variability >50% compared to local
head and chest protocols
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« Radiomics software

EEEEEEE



JOHNS HOPKINS

MEDICINE

Radiomics Software: Inter-
software Variability

° Comparlson Of 2 In house % Q HN Kurtosis (ICC = 0.989) — 12 HN GLCM Entropy (ICC = 0.003) —
algorithms, IBEX, and N 42| [ S T S T M-
MaZda for 39 HN patients R S 2 g

. Significant differences but = :
high ICC values on first 37 g
order features g4

- Package defaults for DT e LN AR
GLCM parameters very

0
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d iffe re nt ’ Patient Patient

Foy, Joseph J., et al. "Variation in algorithm implementation across radiomics software." Journal of medical imaging 5.4 (2018): 044505.
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Radiomics Software: Inter-
software Variability

* Analyzed 105
esophageal cancer ! — — —
patients with in house,

IBEX, PyRadiomics with ol m m m m m { }

8 features 20l m H H
* Logistic regression to

classify radiation

pneumonitis e ¢ @4‘ ﬁi‘ ﬁ é@ @‘* @‘*‘
- Differences in A

classification ability

Foy, Joseph J., Samuel G. Armato, and Hania A. Al-Hallaq. "Effects of variability in radiomics software packages on classifying patients with radiation pneumonitis." Journal of Medical
Imaging 7.1 (2020): 014504.
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Radiomics Software:
Initiatives A

100 IIIIIIII -
« Image Biomarker Standardization
Initiative 1 II|
- 25 research teams with different .
radiomics software _
« lteratively analyzed features froma £ .|
digital phantom and CT scan of IIIIIIII
lung cancer patient o III
0 5 10 15 20 25

 Final data set: TCIA data set of
muIti-modaIity |mag|ng of 51 analysis time point (arb. unit)
sarcoma patients consensus [l weak | moderate [ strong Ml very strong
— 167 features good reproducibility

radiomics features (%)

Zwanenburg, Alex, et al. "The image biomarker standardization initiative: standardized quantitative radiomics for high-throughput image-based phenotyping." Radiology 295.2 (2020): 328-338.
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Radiomics Software:
Initiatives

« Feature definitions published
« Compliance with IBSI can be checked against reference values
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Zwanenburg, Alex, et al. "The image biomarker standardization initiative: standardized quantitative radiomics for high-throughput image-based phenotyping." Radiology 295.2 (2020): 328-338.
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Patient Artifacts

 Streak artifacts
— Features values robust to
removing up to 50% of volume
 Presence of bone

— Affects HU but difference
minimal compared to variability
among patients

Ger, Rachel B, et al. "Practical guidelines for handling head and neck computed tomography artifacts for quantitative image analysis." Computerized Medical Imaging and Graphics 69 (2018):
134-139.
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Validity of Statistical Analysis

 Feature selection before
cross validation can
cause large positive bias

10 datasets

— 8 high dimensional-
fewer samples than
features

« Datasets with higher
dimensionality more
prone to positive bias
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Demircioglu, Aydin. "Measuring the bias of incorrect application of feature selection when using cross-validation in radiomics." Insights into Imaging 12.1 (2021): 1-10.

JOHNS HOPKINS

MEDICINE

Hosny2018C

/' — AUC (incorrect): 0.77
" — AUC (Correct): 0.62

02

04 06 08 10
1 - Specificity

Li2020

/= AUC (Incorrect): 0.97
" —— AUC (Correct): 0.87

02

04 06 08 10
1 - Specificity



JOHNS HOPKINS

MEDICINE

Validity of Statistical Analysis:
Things To Look For

1.0

« Multiple hypothesis testing
correction? "
* Independent validation dataset?
« 22 checklist items from “
Transparent Reporting of "
multivariable prediction model o
for Individual Prognosis or o0 . " . . -
Diagnosis? Variatle

IChalkidou, Anastasia, Michael J. O’Doherty, and Paul K. Marsden. "False discovery rates in PET and CT studies with texture features: a systematic review." PloS one 10.5 (2015): €0124165.
2Collins, Gary S., et al. "Transparent reporting of a multivariable prediction model for individual prognosis or diagnosis (TRIPOD): the TRIPOD statement." Journal of British Surgery 102.3
(2015): 148-158.



Validity of Statistical Analysis:
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Risk of Bias

« Used Prediction
model Risk Of
Bias
Assessment
Tool
(PROBAST) for
prognostic
models using
machine
learning in
oncology

Risk of bias - validation (37 models)

Risk of bias - development (152 models)

Overall &)} 128(84) 19(51)

Participants 93(61) 18(12) 41(27)

22(59) 15(41)

Predictors 81(53)
Outcome 111(73) 12(8) N 29(19) 5(14) 9(24)

Analysis 123(81) 19(51) 11(30)

T I T
0 20 40 60 80 100 0 20 40 60 80 100
% of studies No. of studies

|- LowRoB [ High RoB [N Unclear RoB

Dhiman, Paula, et al. "Risk of bias of prognostic models developed using machine learning: a systematic review in oncology.” Diagnostic and Prognostic Research 6 (2022).
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Multi-institutional Data

* Most studies are single institution data
« Multi-institutional data incorporate many of the differences in
acquisition covered and differences in patient demographics

- TCIA
— 151 human collections, 10 phantom collections



Questions Remaining

 What about other modalities?
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Robustness Reproducibility Classification performance
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Post-processing Feature extraction MEDICINE
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Image acquisition Reconstruction Segmentation

Field strength

Image interpolation

Sequence design *  Manual 2D . ling’ /

Matrix size (acquired) . Mathesi +  Manual 3D Srz:':;: '_';g

Field of view (ra i St:_zet d) *  Semi-automated 2D A Ggrid lienment *  Mathematical formula

Slice thickness Scons ucg *  Semi-automated 3D ) a.g. = Post-processing
MRI *  Reconstruction *  Pixel sizing

Acceleration techniques . *  Automated 2D e e platform

Vendor technique +  Automated 3D Intensity discretisation

Contrast timing *  Size of the ROI (rebmn‘mg)

Movement Normalisation

Tube voltage | internolati

Miliamperage *  Manual 2D mage 'nl_efp? ation

Pitch *  Reconstruction matrix *  Manual 3D S resarltl'ip l,ng /

Field of view / pixel spacing *  Slice thickness ¢ Semi-automated 2D resca mg.) . *  Mathematical formula
CT Slice thickness . Reconstruction kernel . Semi-automated 3D G.r'dlal}g‘nment . Post-processing

Acquisition mode *  Reconstruction *  Automated 2D . Plz_e sizing platform

Vendor technique *  Automated 3D I':“Tf'“f IScretisation

Contrast timing *  Size of the ROI (re mn‘mg.)

Movement Normalisation

Field of view / pixel spacing I int lati

Slice thickness *  Reconstruction matrix ~ *  Manual 2D r‘nage "‘f’pf’ ation

Injected activity *  Slice thickness *  Manual 3D S resarl'r.‘lp |’ng /

Acquisition time *  Reconstruction *  Semi-automated 2D refca Ir(\;g.z I *  Mathematical formula
PET Scan timing technique (algorithm, ~ *  Semi-automated 3D . P'rl la.lg.nment *  Post-processing

Duty cycle PSF, FOV, subsets, *  Automated 2D Intensi ':? S'z?g " platform

Vendor iterations, FWHM) *  Automated 3D n e;suty iscretisation

Movement *  Attenuation correction *  Size of the ROI (‘rebinning’)

Normalisation

Van Timmeren, Janita E., et al. "Radiomics in medical imaging—“how-to” guide and critical reflection." Insights into imaging 11.1 (2020): 1-16.



Questions Remaining

« What about other modalities?
« What about segmentation variability?
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Van Timmeren, Janita E., et al. "Radiomics in medical imaging—“how-to” guide and critical reflection." Insights into imaging 11.1 (2020): 1-16.



Questions Remaining

« What about other modalities?
« What about segmentation variability?
* What about deep learning radiomics?
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summary =

 Resample images, use only similar
reconstruction kernels, consider radiomics
control protocol

 Different software may not be compatible,
consider following IBSI

« Be careful in statistical analysis or false
positive results may occur
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