Reproducibility of artificial intelligence models in computed tomography of the head —

ELECTRONIC SUPPLEMENTARY MATERIAL

a quantitative analysis

Data files

Data generated by the authors or analysed during the study are available at:

https://qgithub.com/FelixGunzer/Review Al CT head

Tables

Table 51: List of articles

Purpose

Main function

Learning
type

Reference (DOT)

2003

2000

2010

2012

2013

2014

2014

2016

2016

2017
207

2017

A three-dimensional classification
of brain tissue densities based on
& hierarchical artificial neoral net-
work

Kohonen Network for automatic
point cormespondence of unimodal
medical images

The aim of this study was to derive
and walidate a novel, antomatic,
adaptive, and robust algorithm
Dictionary learning algorithm for
sparse representation of given data
and suggest away to apply this al
gorithm to 31 medical image de-
noising

In this paper, we propose a ro-
bust sparse perfusion decomvolution
method to estimate cerebral blood
flow in CTP performed at low radi-
ation dose

Prediction of spontancous intracra
nial haemorrhage after intervention
in stroke

Develop an awtomated method for
detection of the MCA dot sign of
acute stroke on unenhanced COT im-
BEES

Image fusion method that gives the
fused image better contrast, more
detail information, and suitable for
clinical use

Nowel algorithm for MBI image
reconstruction from highly under
sampled MRI data and CT images
Synthetic CT Generation

Evaluate the performance of an
artificial intelligence tool using a
deep learning algorithm for detect-
ing hemorrhage, mass effect, or hy-
drocephalus

To suppress the noise effectively
while retain the structures well for
lw dose cone beam CT image

Classification

Dietection

Segmentation

Reconstruction

Cuantification

Prediction

Dietection

Fusion

Reconstruction

Ceneration
Dietection

Reconstruction

CNN

SVM

DL

DL

SVM

SVM

CHNN

DL

CHNN
CNN

DL

10.1016,/50933-3657(03) D0061-7

10,1016 /j.compbiomed. 2000, 04006

10,1016 j.acra. 2010.06.005

10,1108, TEME. 2011.21 73835

10.1016,j.media. 2013.02.005

10,1016 ,/j-nicl 2014.02.003

10,1007 /512184-013-0234-1

10,1007 /1027501588064

10,3233/ X5T- 1605640

10.1002,/mp. 12155
10,1148 /radicl. 2017162664

10,1108, TMI. 20172750810
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Continuation of Table S1

Yenr

2007

2018
2018

2018

2018

2018

2018

2018

2018

2018
2018

2018

2019
2019
2019

2019

2019

Purpose

Radial Basis Functions Neural Net-
work (REFNN) based detection
system, for automatic identifica-
tion of Cerebral Vascolar Accidents
(CVA) through analysis of CT im-
BICE

Stroke tissue outcome estimation
Reconstruction of synthetic CTs of
(CSF / Brain before and after surgery
PET attentuation correction using
peeudo CTs

Automated  deep-newral-network
surveillance of cranial images for
acute neurologic events

Propose a novel deformable regis-
tration method, which is based on a
cue-aware deep regression network,
to deal with multiple databases
with minimal parameter tuning
This study evaluates a comvolu-
tional neural network optimized for
the detection and quantification of
imtracranial bleeding on  noncon-
trast CT

Predict this risk of ancurysm rup-
ture wsing a two-layer feed-forward
artificial neural network

[eep learning angiography method
to generate 300 cerebral angiograms
from a single contrast-enhanced C-
arm conebeam CT acquisition
(enerative adversarial approach
Eluridating the relationship be-
tween the number of CT images,
including data concerning the ac-
curacy of models and contrast en-
hancement for classifving the im-
BCS

MEBE-to-CT synthesis task by a novel
deep embedding convolutional new-
ral network

Brain haemorrhage classification
Brain hacmorrhage classification
Deep learning on the brain age es
timation task

Machine learning approach to cai-
egorise the degree of collateral How
in patients who were eligible for me-
chanical thrombectomy and gener
ate an e-CTA collateral score

Deep learning of radiclogical image
data for outcome prediction afver
endovascular treatment of patients
with mcute ischemic stroke

Man funchon

Detection

Prediction
Reconstruction

Reconstruction

Triage

Registration

Segmentation

Prediction

(eneration

(CGeneration
Classification

(eneration

Classification
Classification
Prediction

Classification,
CGeneration

Prediction

Lmrmng
type
REBFNN

CNN
DL

CMNN

CMNN

CMN

CNN

CNN

CNN

CNN
CNN

CNN

CNN
CNN
CNN

Heference (DO

10.1016 /j.cmph.2017.05.005

10,3389 /freur. 2018000850
10,1109, TEME 2017 2783305

101186 /54065801 8-0225-8

10,1038 /541 501-015-0147-y

10,1109,/ TEBME 2018 2822826

10,3174 /ajnr. AGTAZ

10.1007 /s00330-01 7-5300-3

10.3174,/ajnr. AGGOT

10.1108,/ TEME. 2018.2814538
1011552018/ 1753480

10.1108, TEME. 2018.2814538

10.1155,/2018/ 1620859
10,3300 /519092167
101016 . mri. 2010.06.018

10,1158 /0005600076

10.1016,j.comphiomed. 2019, 103516
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Continuation of Table S1

Year

2019

2019

2019

2019

2019

2019

2019

2019

2019

2019

2019

2019

2019

2020

Prrpose

Fusion scheme for CT and MEI
medical images based on CNNs
and a dual-channe] spiking cortical
model

Imvestigate the clinical ueility of us-
ing CMNs to calculate ventricular
volume and explore limitations

A fully antomated method that re-
liably computes acute imtracranial
lesions volume based on deep learn-
img, cistern volume, and midline
shift on noncontrast CT images
Amtomate ASPECTS to objectively
score non-contrast CTs of acute is
charmic stroke patients

A learning-based approach to im-
prove cone beam CT's image qual-
ity for extended clinical applica-
tions

[Deep learning method to accurately
reconstruct images for previously
solved and unsolved CT reconstroe-
tion problems with high quantita-
tive meCUracy

Genetic  Algorithm-based network
evolution approach to search for the
fitbest pemes to optimize network
structures automatically

[ctionary learning-based method
to segment the brain surface in
post-surgical COT images of epilepsy
patienis following surgical implan-
tation of electrodes

[eep-learning mode]l trained to
map projection radiographs to the
corresponding 31 anatomy can sub-
sequently  generate volumetric to-
mographic X-ray images

Machine learning-based method
that evaluates for larpe wvessel
occlusion and ischemic core volume
in patients using CT angiography
CNN  multiplane approach and
compare it to single-plane predic-
tion of synthetic CT by using the
real OT as pround truth

[Deep learning-based method to au-
tomatically sepment arteric-venous
malformations on CT  simulation
image sots

Butterfly network to perform the
image domain dual material decom-
position

Brain haemorrhage detection and
segmentation

Main function

Fusion

Scrmentation

Segmentation

Classification

Ceneration

Reconstruction

Reconstruction

Sermentation

CGeneration

Dietection

Prediction

Segpmentation

Prediction

Sormentation

Lenrning
type
CNN

CNN

CNN

CNN

CNN

DL

CNN

CNN

CNN

CNN

CNN

CNN

Heference [DNOT]

10,1007 /s11517-015- 19358

10,1007 /z115458-01 8020355

10,1089 /new.2018.6183

10,3174 /ajnr. AGSED

10.1002/mp. 13295

10.1109,/TMI 201082810760

10.1016 /j. media. 2019.03.004

10,1108,/ TMI.2018. 2868045

10,1038 /5415561-018-0466-4

10.1161 /STROKEAHA 110.026180

10.1016/j.ijrobp.2019.06. 2535

10.1002/mp. 13560

10.1002/mp. 13450

101109/ JBHI 2020 3028243

=
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Continuation of Table S1

Year

2020

2020

2020

2020

2020

2020

2020

2020

2020

2020

2020

2020

Prrpose

Cuantification of chornic ischaemic
changes in acute stroke patients re-
garding outcome

Classify between neoplastic and
non-nesplastic intracranial hacmor-
rhage

Evaluating the impact of koy pa-
rameters on the pseudo CT quality
penerated froMRI with a 3D convo-
lutional neural network

A deop learning method apply-
ing comvolutional neural networks
with deep supervision for accurate
hematoma segmentation and vol
ume quantification in OT scans
Employ machine leaming alpo-
rithms to combine statistical shape
information with expert ratings to
renerate a novel objective method
of measuring the severity of metopic
3

Predict individual rupture statws of
unruptured intracranial aneurysms
(UlAz)

Use of deep learning techniques
with CT angiography acquired from
multiple medical centers and differ
ent machines to develop and evalu-
ate an automatic detection mode]
Medical imeage fusion method
which combines CMNzs and non-
subsampled shearlet  transform
(NEST) to simultaneously cover
the advantages of them both
Validate a fully awomated sep
mentation algorithm for volumetric
analysis of perihaematomal edema
Prediction model to identify pa-
tients in need of a non-contrast
head CT exam during emergency
department triage.

Apply deep learming methods to
segment cerebral arteries on non-
contrast CT scans and gencrate an-
giographies without the need for
contrast administration

Deop leamning method for generat-
ing virtual noncontrast CT images
from comtrast-enhanced CT images
and evaluate its performance in
dose calculations for head and neck
radiotherapy

Main funcion

Segmentation,
Prediction

Prediction

Classification

Scpmemtation

Cluantification

Prediction

Dietection

Fusion

Scpmentation

Triage

Sepmentation,
(eneration

Ceneration

Lemrmaing
type
SVM

CMN

CMN

na

SVM

CMN

CMN

CMN

CMN

CMN

Reference (D)

10.3380,/fneur. 2020 00015

10.3289 /fneur. 2020 00285

10.1016/j.ijrobp.2020.05.006

10,1038 /=41 508-020-TG450-7

10,1087 /SCS.000000000000621 5

10,1007 /s00E30-020- DG386-T

10.1007 /=11548-020-02121-2

10.1155,/2020/ 6265708

10,1161 /STROKEAHA 110026764

10.1007 /s00234-01 8- 02203y

10,1371 /journal . pone 0237002

101002 /mp. 13025
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Continuation of Table S1

Yeuor

2020

2020

2020

2020

2020

2020

2020

2020

2020

2020

2020

Purpoze

Use of typical notworks of super
vised and unsupervised deep learn-
ing methods, respectively, to trans-
form ME/CT images to their coun-
terpart modalicy

Assessing the feasibility of dose cal
culations from MRI acquired with &
heterogencous set of imaging proto-
col for pacdiatric patients affected
by brain tumours

Intracranial pressure based decision
making: Prediction of suspected in-
creased intracranial pressure with
machine learning

Deop leamming to melisbly and effi-
ciently quantify and detect different
lesion types in traumatic brain in-
juries

Detect and quantitate infarction by
using mnon-contrast-enhanced OT
scans in patients wich AIS

A deep neural network leams to
predict the final infarct volume di-
recely from the native CTP images
and metadata such as the time pa-
rameters and treatment

Deep learning model to automati-
cally detect and segment ancurysms
in patients with acute subarach-
noidal haemorrhage on CT angiog-
raply

CHNN to detect large vesse]l ooclue-
sions at multiphase CT angiorra-
phy

Examine the feasibility of deep
learning technigues to convert MRI
ultrashort TE images directly to
synmthetic CT of the skull im-
apes for use in tramscranial MR
imaging—guided focused ultrasound
treatment planning

Deep learning-based CHNN s pro-
posed for prediction of globe con-
tours and their subsequent volume
quantification in CT images of the
orhits

Bidirectional convolutional LSTM
(C-LSTM) mevwork to predict 30
volumes from 41 spatiotemporal
data

Main funcnion

Fusion

(Gemeration

Prediction

Triage

Sepmentation

Classification,

Prediction

Sermentation

Detection

Cencration

Prediction

Prediction

Lenrmang
type
CNN

CNM

CMN

CNN,

CNN

CNM

CNM

CNN

CNM

CNN

Keference (LIIOT]

10.1155/2020,/5193707

101016 /. radonc. 202000024

10,1371 fjournal pone 0240845

10,1016,/ 52530- TH00( 20) 300856

10.1148 /radicl 2020101183

10,1016 /j. media. 2010. 101580

10,1038 /=41 508-020- TEHE4-1

10.1148 /radicl 2020200334

103174 /ajnr AGT5E

103174 /ajnr. AG538

101109,/ TMI 2019. 2030044
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Continuation of Table S1

Year

2020

2020

2021

2021

2021

2021

2021

2021

2021

2021

2021

2021

2021

2021

Prrpose

Combine clinical, radiomic, and
quantificd radiation therapy plan
information for prediction of locore-
rional failure in head and neck can-
cer

Medical image fusion method based
on the imaging characteristics of
medical images

We determined the accuracy of
RAPID ICH for ICH detection and
ICH wolumetric quantification on
NCCT.

A framework that creates synthetic
data, generates ground truth data,
registers multimodal images in an
accurate and fast manner, and
automatically classifies the image
modality so that the process of reg-
istration can be fully antomated.
Compare the image quality of brain
CT images reconstructed with deep
learning-based image reconstruc-
tion and adaptive statistical itera-
tive reconstruction-Veo.

Compared the added walue of
cuboid RF to predict the final in-
farce

Ilnet based deep learning frame-
work to automatically detect and
segment hemorrhage strokes in CT
brain images.

ILNet model to perform conver
sions between different BV CT im-
AL

Decp learning algorithms to mea-
sure ventricular and cranial vault
volumes in a large dataset of head
CT scans

Algorithm to  decrease  time-to-
treatment, leading to  improved
clinical cutcomes

CNN to predict the deformed left
and right hemispheres

Deep neural networks trained with
2N Appropriate anatomic context in
the network receptive field, can ef
fectively perform ICH sepmentation
CNN to generate the #CT in brain
site and evaluate the dosimetry ac-
CUracy

Evaluate the association between
perihaematomal radiomics features
and haematoma expansion

Mazn function

Prediction

Fusion

Detection

Registration

Reconstruction

Prediction

Detection

Reconstruction

Sopmentation

Triage

Prediction

Sermentation

CGeneration

Prediction

Lenrming
type

RF,
CNN,
Logistic
Regres-
siom,
Isolation
Forest
CNN

CHN

CHN

CNN

CHN,

CNN

CHN

CHN

CHN
CHN
CNN
CHN

VM

Reference (LN )

10.1016 /j.efmp. 2020.01.027

1011552020/ 32001 36

10.3174/ajnr AG926

10,1038 /541 508-021-81044-T

10,1007 /=00234-020-02574-x

10,1177 /02TIETEX 20024540

101108 /TBHI. 2020, 3028243

10,1007 /s10275-020-00414-1

10,1016 /j wneu 2020.12. 148

10.1159 /000515320

10.1016 /j.jneumeth. 2020, 100033

10,1007 /=12021-020-00483-5

10,1002 /acm?2. 13176

10,1016 /j.crad. 2021.03.003
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Continuation of Table S1

Yenr

2021

202]

202]

Purpose

A paired-unpaired Unsupervised
Attention Guided Generative Ad-
versarial Network model to trans-
late MR images to CT images and
vioe varsa

Validation of an artificial intelli
gence solution for acute triage and
rule-out normal of non-contrast CT
head scans

A radiomics-clinical model to pre
dict  imtraventricular hemorrhage
groth after spontaneous intracere-
bral hematoma

Mwn functon

Coneration

Triage

Prediction

Lmrming

type
CNN

CNN

5VM

Heference (LM )

10,1016 /. compbiomed. 2021104763

10.1007 /=00234-021-02826-4

1018632/ aging. 202054

CHNN - comvolutional neuronnl network; COT - computed tomography; CTF - computed tomography perfusion; DL - dictionory

learning; MCA - middle cerebral artery; MBI - magentic resonance imaging; RF - random forest; VM - support vector
machine; n = &3

Table 52: Prevalence rates of lesions, diseases or other patholories

Prevalenece rafes

Evidence Training | Test el Reference (IMOT)
st set world
Provalence of sICH after tPA in & | 01415 0.1 006 ]E.'l.ll:I]G,-'Sl:I]'iEI-ETJ'FGI.]E}EDTSﬁ-T
systematic meta-analysis
Prevlance of traumatic SAH in mul- | 0.44] 0.441 0.41 10, 1097 / (00061 2:3- 200202 000- 00006
ticentre study of 750 patiems of
moderate to severe THI
Prevalence of traumatic SDH with | 0168 0.165 0.11 10,1227 /0] Neo GO00210364. 202000,
severe THI 10,1111/ jzs. 16400
Prevalence of traumatic [PH in 2875 | 0,241 0.241 0.068 10,1111/ je=. 16400
eldery pationts afier fall
Provalence of ICH in 50 patients | 0.351 0.351 0.024 10,1007 /=00 7010070052
with intracranial brain tumour
Prevalence of ICE in 3088 Pat. with | 0.377 0415 0048 10.1155/2013/ 463075
CT admitted to ED) after mild TEI
Prevlance of Ihydrocephalus  inm | 00158 0.16& 0.13 101177/ 187140081 ha02201
2408 patiemts getting a CT with
headaches
Prevalence of Seroke in 530 patients | 0.302 0.429 0.8 10.1136/ emermed-2014- 204302
being admiteed o Acute Stroke
Unit
Prevalence of ICE in 3088 Pat. with | 0.15 0.15 0048 10.1155/2013/ 463078
CT admitted to ED) after mild TEI
Prevalence of ICH in pat with haem- | 0.4 0.3 0.54 10,1016, 50733 B610{05) TO200-0,
orrhagic stroke (calculated from ]II.".lIII]-E,-"SIII]*I.D—GT:-SG[].":-}GE-EEIZ—-i
overall incidence of haemorrhagic
stroke and 1CH)
Proportion of IVH in patients with | 0.4 0.2 0.45 10,1007 /511010-010- 00EG6-G
haemorrhagic stroke
Prevalence of ICH in 3088 Pat, with | 0.08] 012 0048 10,1155,/ 2013/ ALIOTE
CT admitted to ED) after mild TEI
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Continuation of Table S2

Fwidence statement Trawmng | Test Henl Heference (O]

st set wiorid
Proportion of prevalence ounrup- | 0.8 0.40 0.016 10,1016,/ 81474 4422(11)70109-0,
tured intracranial ancurysms (UTA) 10,1016, 51042 3680{ 18)30247-X
in & systematic meta-analysis of G8
studies
Prevalence of unruptured intracra- | 1 1 0.032 10,1016,/ 81474 4422(11)70108-0

nial aneurysms (UIA) in a system-
atic meta-analysis of 68 studies

Prevalence of traumatic SDH with | 0.4 0.4 0.11 10,1227,/ 01 New 00002 1036420200, 0,
severe THI 10.1111,jgs. 16400

Prevalence of EDH in patients with | 0.41 0.41 0.04 10,1227/ 01 New 00002 10364, 2020000
TBI in a review

Prevalence of U in 3088 Pat. with | 0.63 .63 0048 10,1155,/ 2013/ 4530TE

CT admitted to ED afier mild TBI

Proportion of prevalence of unrup- | 0.09 0,08 0.016 10,1016,/ 51474 4422( 11 )70109-0,
tured intracranial aneurysms (ULA) 10,1016,/ 81042 3680 18)30247-X

in & systematic meta-analysis of G2

studies

Prevalence of traumatic SDH with | 0.37 0.11 0.11 10,1227 /01 New 00002 L0364 202050, (0,
severe THI 10.1111/jgs. 16400

Prevalence of EDH in patients with | 0.48 0.44 0.04 10.1227,/ 01 New 00002 10364.20290_C0
THI in a review

Prevlance of traumatic SAH in mul- | 0.74 0.51 0.41 10,1097 / 00061 23-200202000- 00006

ticemtre study of 730 patiemts of
moderate to severe THI

Prevalence of traumatic IVH 0.22 017 0.014 10,1047 /01 ta 000021 B038.25064.0d
Prevalence of ICB in 3088 Pat. with | 067 044 0.048 101155,/ 2013/ 453078

CT admitted to ED afier mild TBI

Prevalence of Stroke in 530 patients | 1 1 0.0 10.1136, emermed-2014- 204302
being admitted to Acute Stroke

Unit

Proportion of prevalence of unrup- | 1 1 0.016 10,1016,/ 51474 4422{11)70109-0,
tured intracranial aneurysms (ULA) 10,1016,/ 81042 3680 18)30247-X
in & systematic meta-analysis of G2

studies

Prevalence of Stroke in 530 patients | 0.754 0.7564 0.0 10.1136, emermed-2014- 204302
being admitted to Acute Stroke

Unit

Proportion of IVO of prevalence of | 0.8 0.8 0.126 10.1083 neuros, myz06T,

Stroke in 530 patients being admit- 10.1136, emermed-2014- 204302

ted to Acute Stroke Unit

Proportion of IVO of prevalence of | 0.5 0.5 0.126 10.1083, neuros, my=z067,

Stroke in 530 patients being admit- 10.1136, emermed-2014- 204302
ted to Acute Stroke Unit

Prevalence of MUA dot sign in 100 | 1 1 016 10.1161,/01.5TH.32.1.84
patients with stroke

Prevalence of ICH in pat with haem- | 1 1 0.54 10,1016, 80733- 861 0{ 05 Tr200-0,
orthagic stroke (calculated from 10,1016,/ 501 40- GT36( 15)60602-4

overall incidence of haemorrhagic
stroke and ICH)

The prevalenoe outcome rotes described in demographic statistics for training sets, test sets or from meal world epidemiol-
ogy data can be found below. CT-computed tomography; ED - emergency department; EDH - epidural hasmorrhage; ICB
-intracraninl bleeding; [CH - intracerchral haemorthage; [PH -intrmpamnchy mal haemorrhage; IVH - introsentricular haem-
orchage; LVO - large wessel coclusion; MOA - middle cembral arbery; SAH - subarnchnoidal haemorrhage; SDH - subdwral
haemorrhage; sICH- spontaneous intracerebral haemorrhage; TBI - traumatic brain injury; tPA - tssue plasminogen activatbor;
UIA - wnruptured introcranial aneurysm; n = 28
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Table 53; List of vanables and outeomes

Featurs

Year

Purpase

Main funcrion of algorichm
Graphical illustrations
Diata source

Code open sourcs

Size datassr
Dimension/Resclution Input
Colowr space (Hounsfield Unics)
Augmencation
Train,Vakdaton split

Test holdout

External west set
Prevalence training ==t
Prevalence past set
Pravalence raaliny
Algorithrm

MNerwiork

Epochs

Learning rate

Batch size

Drropout

Orprimisation method

Loss of function

Hardware

Preprocessing steps
Ground truth

Metrics of performanca
Comparison to

A list of all feawwres for which data
were sought.
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