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Prediction of causative genes in inherited retinal
disorder from fundus photography and
autofluorescence imaging using deep

learning techniques
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Supplemental Figure 1. A randomised 4-fold cross-validation method
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Supplemental Figure 2: The detailed filtration/selection flow of the examined images
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The filtration/selection process include O selecting three genes (ABCA4, EYS, RP11L1) based on the
disease prevalence, @selecting one image from one eye by an expert, 3selecting normal images by an
expert (excluding images with inadequate dataset/quality), and %xing the dataset for machine learning.



Sensitivity

Supplemental Figure 3. Performance of the artificial intelligence (Al) diag-
nosis model
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The receiver operating characteristic (ROC) curves of fundus photography and
fundus autofluorescence imaging were generated. The area under the curve
(AUC) for each result was 0.708 (95% confidential interval (Cl): 0.589-0.829) for
fundus photography and 0.703 (95% CI: 0.600-0.808) for fundus autofluores-
cence imaging. ROC for the four categories was also illustrated: ABCA4 retinopa-
thy, EYS retinopathy, RP1L1 retinopathy, and normal.



AN IMAGE IS WORTH 16X16 WORDS:
TRANSFORMERS FOR IMAGE RECOGNITION AT SCALE
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“Attension is all you need”
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Figure 1: The Transformer - model architecture.
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Are we done with ImageNet?

Lucas Beyer'* Olivier J. Hénaff ?* Alexander Kolesnikov'* Xiaohua Zhai'* Airon van den Oord**
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speedboat; sandbar: hammer; power drill; desktop computer: lamp;  zucchini: cucumber;
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Figure 2: Example failures of the ImageNet labeling procedure. Red: original ImageNet label,
green: proposed ReaL labels. Top row: ImageNet currently assigns a single label per image, yet
these often contain several equally prominent objects. Middle row: Even when a single object is
present, ImageNet labels present systematic inaccuracies due to their labeling procedure. Bottom
row: ImageNet classes contain a few unresolvable distinctions.
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Relabeling the ImageNet validation set

1. Collecting a comprehensive set of proposals (f&# 7 XL D4 BR)
ImageNetD Z NIV EIMEDETILD T RIILAEETHWS
BADEMARICL Y T NILFHFEIN256MDEHRET—ILRREZ >y Z—FRELT, 19D ETILOH D S HEIE

BHEAEDEZEREDITS

2. Human evaluation of proposed labels  (ARIC & 21&EHF 7 ~JL D 5EH)
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3. From human ratings to labels and a metric (7 / 7 — & — DO ICED < T RILDIY)
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Re-evaluating the state of the art
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An analysis of co-occurring classes

1.0 90% Oracle T L
- "Oracle" model - - 5 = + _
overfitting to ImageNet e : g Re?'—é\— j:le\ :C&’Jf‘gﬁt& U;J—-E\ﬁ;q: 7 ’\}1/7&\?#/3@1%:(6; 5@ L/ T %
91 Z DHILDIDE TV ELIZERIETIL
>09 / -80%§ =
Jos- g Oracle® 7 /L &ImageNet7 ~ L& IEfE & L TRHMES %
& . Oracle& ) B UWVMREZRT & T NIXZ L iEImageNet
2,3 Z ICNATANFEET 52 E&RT
c >
60% ®
0.6 =
b4
0.5 - 50%

0 50 100 150 200 250
ImageNet classes
ImageNetZ B ETILAER T ANILEZETERICT LT
FREBRDIIRILETVRLTIDEZTWSDHI/NA
TANEFEELTWSEDHE WD &R



KX TR LN TWSH I &

Are we done with ImageNet?
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