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Synthetic Chest X-ray Images

Download 2000 high quality synthetic
chest x-ray images at below site.
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model. The training process was in a legitimate way through the Institutiona

Review Board (IRB) for research ethics
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quality of the synthetic chest X-ray images. We prepared 100 pieces of real and synthetic

images each, randomly mixed them, and then asked whether the presented image was rea
or synthetic one. The test results averaged about 60% accuracy, which shows that the

synthetic image is very difficult to distinguish from the real image.

Synthetic Chest X-ray Images

n 8-bit PNG file and have a size of

)

Our synthetic chest X-ray images are provided as
1024 x 1024 in pixel. To preserve the characteristics of the original data, the histogram
equalization w |

s not applied, I {clip the

brightness of the t % on the original data). The original data is divided into normal

earned base

Sample Details

Samples of synthetic chest X-ray image data are provided in units of 1,000 each for

normal and abnormal.




@,Promedius
Al model as a good supporter
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Fig. 1. The mean ROC curves for per-regional detection of subtle lung lesions on CXR without and
with BSI by ten readers.

AUC = area under the ROC curve, ROC = receiver operating characteristic, CXR = standard chest
radiographs, BSI = bone suppression image.




Al needs large amount of learnable data/parameters @, Promedius
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https://ai.googleblog.com/2019/05/efficientnet-improving-accuracy-and.html




Standard protocol of data analysis

Iterate until appropriate data is ready

Preprocessing

Preprocessed
data

~

Iterate until find best model

Apply
learning
algorithm to
data

Candidate
model

@, Promedius

Deploy
chosen model




Standard protocol usually has generalization issue @ Promedius

Data space CNN Representation space
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https://pubmed.ncbi.nim.nih.gov/33085623
Measuring Domain Shift for Deep Learning in Histopathology




Domain discrepancies resulted in useless model

a
Evaluation
across Interpretation
hospitals
Dataset I: Dataset Il: v l
ChestX-ray14/ PadChest/ Saliency Generative
GitHub-COVID BIMCV-COVID-19+ maps models
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Combined | Chest- | GitHub- | Combined | PadChest |BIMCV-
X-ray14 | COVID COVID-19+

No. radiographs 112,528 | 112,120 408 97,866 96,270 1,596
No. patients 31,067 30,805 262 64,954 63,939 1,105
% COVID-19+ 0.2 0 76.5 1.6 0 100
% AP images 39.9 40 26 5.6 4.7 58.1

https://www.nature.com/articles/s42256-021-00338-7
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True positive rate

Dataset |
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Dataset Il
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Standard protocol of data analysis should be adaptable @) Promedius

Real world patterns of health Discriminatory
inequality and discrimination data
Unequal access Discriminatory Biased clinical Sampling biases and Patterns of bias and
and resource healthcare decision World — Data lack of representative  discrimination baked
allocation processes making I datasets into data distributions
Application . Biased Al design and
i Use «— Design :
injustices deployment practices
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Disregarding Exacerbating global Hazardous and Power imbalances in Biased and exclusionary Biased deployment,
and deepening health inequality and discriminatory repurposing agenda setting and design, model building explanation and system
digital divides rich-poor treatment gaps of biased Al systems problem formulation and testing practices monitoring practices

Ridding Al and machine learning of bias involves taking their many uses into consideration, British Medical Journal




Medical image acquisition from different CT vendor A, Promedius

% Share of Installations: Whole Body CT including NM 2012 to 2020
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https://medicalimagingmarketcom.wordpress.com/2021/05/11/oem-market-share-computed-tomography-united-states/




Medical

B-1

Atelectasis
0.90 ™10
™, ns
N — ns
i I
0.88 ok =+
0.9 {ﬁ ﬁ?
ns EEE :
0.86 e |
0.8 1 1'
| —— I
0.84 Ji
07
0.82 /
LJ ¢ Vos
0 25 50 75 100
C 0.5
1.0
\\\ s FEkE
0.88 Hedopeok ‘V_ _____ i
. k| .gi.
Fokkok ns 0.9 ! r—| fﬁ ==
0.86 3 | !
+ | [
| '_4_-:
0.84
* 0.8 1 s I
‘ | !
N [
0.82 /
+ 0.7
0.80 ;f/ Training fold
/
0.78 + ; 0.6 IIIII M
0o 25 50 75 100 . F
% of female images in training data 05
o CRIECN
o 22" _go®
@ o &
s @

https://www.pnas.org/doi/pdf/10.1073/pnas.1919012117

[ +

W

Area under the curve (AUC) testing in Male patients

*FAE

&3
ey
+
+

=

"

Area under the curve (AUC) testing in Female patients

ns
ns

o

= W

e
e.‘)d\o
Ay

o s \E o® ) 2
OO 2> A 0 o «
2 N ‘§(f5 d@ﬁfﬁ Qfﬁz \1*€§3
oF A

Gender imbalance in medical imaging datasets produces biased classifiers for computeraided diagnosis

iImage acquisition from different patient charac.
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Al should know specific domain or should be generalized @ Promedius

Standard domain adaptation Domain generalization Domain randomization

Train Train Test Train Test

@ @%@@

Continual domain adaptation

Sequence of training domains

S Source domain D,,f " domain X S
T Target domain Domain Auxiliary domain




Many efforts for domain generalization/adaptation

Data
manipulation

(Sec. 4.1)

Domain randomization: DRPC [29]/ SDR [30]/ FSDR [31]/ [32, 33, 34, 35, 36] )
Data augmentation

Adversarial data augmentation: CrossGrad [37]/ ADA [38]/ DDAIG [39]]

M-ADA [40]/ UFDN [41]/ UNVP [42]/ L2A-OT [43]/ MB3L [44]/ FSUS [45]/ ADAGE [46]/
DomainMix [47]/ MixALL [48]/ MixStyle [49]/ DeGIA [50]/ MBDG [51]/ PDEN [52]/
SFA [53]/ OpenDG [54]/ FACT [55]/ [56, 57, 36, 58, 59]

Data generation

Kernel methods: MTL [6, 60]/ Multi-TCA [61]/ DICA [27]/ UDICA [62]/ CIDG [63]/ SCA [64]/
ESRand [65]/ MDA [66]/ [28]

Explicit feature alignment: MTAE [67]/ CCSA [68]/ BNE [69]/ SNR [70, 71]/ MMD-AAE [72]/
DDGFD [73]/ DSDGN [74]/ DG-YOLO [75]/ MatchDG [76]/ DSON [77]/ DFDG [78]/ DSAF [79]/
Domaininvariant AdaRNN [80]/ ASR-Norm [81]/ RNA-Net [82]/ FAR [83]/ LAG [84]/ [85, 86, 87, 88, 89, 90]
representation learning

MADDG [96]/ FSUS [45]/ MMLD [97]/ DANNCE [98]/ CAADG [99]/ SSDG [100]/ AdaRNN [80]
ASR-Norm [81]/ SADG [101]/ [102, 103]

Domain adversarial learning: DANN [91, 92]/ MMD-AAE [72]/ DLOW [93]/ CIAN [94]/ ER [95]/ ]

Domain
generalization
algorithms

Invariant risk minimization: IRM [104] /IB-IRM [105]/VRex [106]/ReLIC [107]/[108, 109, 110, 111, 112])

Multi-component analysis: LRE-SVM [113, 114]/ UndoBias [115]/ MVDG [116]/ CSD [117]/
Domain2Vec [118, 119]/ DCAC [120]/ FLUTE [121]/ [122, 2, 123]

. Generative modeling: DIVA [124]/ DAL [125]/ M-ADA [40]/ DDG [126]/ SagNet [127]/ GILE [128]
Feature disentanglement RobustNet [129]/ [130]

Causality-inspired methods: MatchDG [76]/ Deep CAMA [131]/ CSG [132]/ LaCIM [133]/
StableNet [134]/ [107, 135, 136]

Ensemble learning }—( D-SAM [137]/ DAEL [8]/ COPA [138]/ [139, 140, 141, 142])

MLDG [17]/ MetaReg [18]/ FC [19]/ MASF [143]/ MetaVIB [20]/ DADG [144]/ DGSML [145]/ M3L [44]/
Epi-FCR [146]/ [147, 148, 149]

Learning
strategy
(Sec. 4.3)

Gradient operation HRSC [150]/ Fish [151]/ Fishr [152]/ NCDG [153]/ KDDG [154]]
Distributionally robust optimization )——(VREX [106]/ JTT [155]/ GroupDRO [156]/ [157, 158])

Self-supervised leaming)——(]iGen [159]/ SelfReg [160]/ [161, 162])

OthersHRandom forest [163] /Shape-invariant [164]/Lottery ticket hypothesis [165]/Flat minima [166]/ Metric learning []67’])

https://arxiv.org/pdf/2103.03097.pdf
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Model adaptation

Iterate until appropriate data is ready

Preprocessing

Preprocessed
data

~

Iterate until find best model

Apply
learning
algorithm to
data

Candidate
model

d, Promedius

)

Transfer
learning

Deploy
chosen model

g Inference




Data adaptation

Y
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Raw data
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i

lterate until appropriate data is ready

Preprocessing

Preprocessed
data

~

Data

standardization

[terate until find best model

Apply
learning
algorithm to
data

Candidate
model

chosen model
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A research example of model adaptation @) Promedius

T 1

5: Transfer + fine-tuning improves generalization

0.64} d
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due to fragile
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0.60}
drops due to
representation
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https://arxiv.org/pdf/1802.03601.pdf Deep Visual Domain Adaptation: A Survey, Neurocomputing 2018
J. Yosinski, J. Clune, Y. Bengio, and H. Lipson. How transferable are features in deep neural networks? In Advances in neural information processing systems, pages 3320-3328, 2014.




A research example of model adaptation @) Promedius
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Data adaptation A Promedius
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A research example of data adaptation @) Promedius

| ¥ Reconstructed MR
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https://dl.acm.org/doi/pdf/10.1609/aaai.v33i01.3301865




research example of data adaptation
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A research example of data adaptation @) Promedius
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https://pubmed.ncbi.nim.nih.gov/33085623
Measuring Domain Shift for Deep Learning in Histopathology
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Dr. Mingyu KIm / CTO & Director of PAIR
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