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Supplementary Table 1. The key information of the key studies related to Al-based retinal imaging predicting systemic diseases. We
summarized systems, authors and publication time, development datasets, validation datasets, external datasets, input, model, output, metrics,
internal results and external results, which provided a thorough reference for the academics.



Author,

Systemic Diseases Publication Time Country Development Datasets [Validation Datasets External Datasets Input Model Output Metrics Internal Results External Results
age:MAE=2. 78 years
sex:AUC=0. 97
Qatar Biobank (12000 age, sex, SBP, DBP, Haemogl VAR SBP:MAE=8. 96 mmHg
Nele Gerrits, Jun.2020[1] [Belgium images of 3000 subjects)-|--20% CFP MobileNet-V2 obin Alc, relative fat A‘LC DBP:MAE=6. 84 mmHg
-80% mass, testosterone Haemoglobin Alc:MAE=0.61%
relative fat mass:MAE=5.68 units
testosterone:MAE=3. 76 nmol/L
1.Philip Medical
Centre of South
Korea:18920 images of
8707 subjects
2. Cardiovascular and
Metabolic Disease
Tyler Hyungtack Rim May | o |Severance Hospital of South Korea:5590 images of g;;i’iggglzggziih oo ReticAC A C-0. 742 concordance index=0. 71 )
2021[2] 2536 subjects (CMERC-HI) : 1054 images HR of fatal cardiovascular events=1.33
of 527 subjects
3.SEED: 17102 images of
8551 subjects
4. UK Biobank:95358
images of 47679
subjects
CFP+age, gender,
ethnicity, fellow
. e CRAEb
Carol Y. Singapore  [SEED(5309 subjects) 5636 subjects ;?iizizdfgimog?i:m STVA-DLS CRAEe HR for CVD event [HR=1.08-1. 12/per SD
Cheung, Jun. 2021[3] T : HR:59191 subjects CRVEb : )
level, total CRVEe
cholesterol level and
smoking at baseline
AlexNet
VGGNet-11
VGGNet-16
?zz‘?diui 23‘22‘?}‘] Qatar Qatar Biobank (500 subjects:250 CVD:250 controls) CFP+DXA EZ:S:L;Z oD accuracy accuracy=78. 3%
D Net-121
SqueezeNet-0
SqueezeNet-1
Cardiovascular Diseases Circulatory mortality: Circulatory mortality:
men: jmen :
Calibration slope=1:0.913 Calibration slope=1:1.084
C-statistic=1:0.749 C-statistic=1:0.774
R*=1:0. 369
s women :
]isizzi?z;:?zipf;tt;ve 1. CFP-vasculometry . . Calibration slope=1:0.857 Calibration slope=1:0. 872
Cancer (EPIC)— +age, smoking, medical Calibration Cfstatisticzlzo. 763 Cfslalistic:l:OA 748
Alicja Regina UK UKB(64144:327 circulatory deaths) Norfolk (5862:201 history QUARTZ Circulatory mortality |[slope R*=1:0. 443 R’= 333
Rudnicka, Dec. 2022[5] UKB (45734:393 incident MI) circulator Aeaths) 2. Framingham risk Myocardial infarction Cfslalislic Myocardial infarction: Myocardial infarction:
BPTCNorfolk (4062:265 |°¢Ores (FRS) for ¥ men: men:
incident MI) confirmed MI Calibration slope=1:0.836,2:1.216 Calibration slope=1:0.905,2:1. 567
C-statistic=1:0. 675, 2:0. 706 C-statistic=1:0. 641, 2:0. 689
R2=1:0. 178, 2:0. 235 R2=1:0. 150, 2:0. 233
women : ‘women:
Calibration slope=1:0.803,2:1. 036 Calibration slope= 786, 2:0. 834
C-statisti . 709, 2:0. 758 C-statistic=1:0. 650, 2:0. 688
R2=1:0.226,2:0. 345 R2=1:0. 162, 2:0. 208
coronary
tong Kong, |1 Prince of Vales CFP+traditional ResNet50 coronary AUC j;'e‘:?:ifm;;sé;w'o‘ 987, sensitivity=93. 0%,
Grace Lui, Feb. 2023[6] China ’ Hospital:115 —=30% cardiovascular risk ARTA atherosclerosis sensitivity ;bstructive o
subjects (HIV) —=70% factors RF obstructive CAD specificity CAD: AUC=0. 991, sensitivity=95. 7% specificity=
97. 8%
T1DM:
AUC=0. 822
sensitivity=0.867
AUC specificity 557
Scottish Diabetes CVD sensitivity PPV=0. 994
Joseph Mellor, Jul. 2023[7] UK ngzpfﬁgbyfgzgi‘; dataset | a0y crp ResNet101 :ggR specificity ?;3;926
TIDW: 202843 T2DM) —70% DR o AUC=0. 711

sensitivity=0.905
specificity=0. 282
PPV=0. 978
F1=0. 940




Cynthia Ciwei

CFP+Established risk

) - incident CVD _
i Son. 203151 Singapore  [SEED(860 CKD)10 years oot GR STVA-DLS |ﬂortality AUC AUC=0. 760
henzhen Traditional ischemic stroke:
Chinese Medicine (SZICH) o sensitivity=91. 0% specificity=94. 8%, AUC=0. 92
one K Hospital and Fp-rotinal variables |ReSNet50 Sechemic strok sensitivity 5
Yimin Qu, Aug.2022[9] 18 ROME ommuni ty (711 --30% retinal vartab €S lapra sehemte stroxe specificity . )
China ! ) ) +clinical variables haemorrhagic stroke > haemorrhagic stroke:
subjects, 145 ischemic RE AUC orrnagie e _
‘ sensitivity=93. 0%, speci ficity=97. 1% AUC=0. 95
stroke:86 haemorrhagic 1
stroke:480 controls)-~70%
test: . . .
Zhuoting Zhu, ) UK biobank (19200 images |UKB(35917 subjects) ) ) HR of stroke  increase stroke risk/1 year retinal age
China ’ i crp Xception retinal age gap gap increase, HR=1. 04
Nov. 2022[10] of 11052 subjects) pridict: events First i o/ Fifth quintile:HR=2. 37
UKB (35304 _sub jects) q q e
1. feature
engineering
(ResNeSt)
2. self-supervised
1.NASA project (112 images: 16 cases (15ischemic, 1 oo Tearning (ResNet-50)
Samiksha Pachade, s haemorrhagic) :73 controls) Fieial and d KNNs, decision ook . 1. AUC=0. 87-0. 88
Dec. 2022[11] ; 2. +0CT-500 (500 subjects) and ROSE(229 octa superiielal and 9eeb Hiree, random stroke 2. AUC=0. 66=0. 81
° enface OCT-A images )
images) forest, multi-layer
perceptron (MLP),
adaBoost, and
Gaussian naive
|Bayes
men: men:
. Calibration slope=1:0.896, 2:0. 908 Calibration slope=1:0.808,2:0.819
European Prospective | LFP’V?‘EC,”IO"‘SEFY . Calibration C-statistic=1:0.729, 2:0.736 C-statistic=1:0. 691, 2:0. 652
. . . . . age, smok1ing, medica 2. « 2. b b
Alicja Regina ; PO Investigation into . L slope R°=1:0. 315, 2:0. 295 R= 213,2:0.199
Rudni cka, Dec. 2022 (5] K UK (63839: d16cases) Cancer (EPIC)— glliiz;}i,n ham risk QUARTZ incident stroke C-statistic women : women:
Norfolk (5708:211cases) s;ores(FiS) For stroke R Calibration slope=1:0.860,2:0.919 Calibration slope= 780, 2:0. 943
eroh lar Di C-statistic=1:0.753,2:0. 736 C-statistic=1:0.714,2:0.732
erebrovascular Seases 9 2
R°=1:0. 352, 2:0. 310 R*=1:0. 274, 2:0. 309
AUC
1. left retinal images aceuracy
2.right retinal images precision
. s . . . L : the probability of recall
Liming Shu, Jul.2023[12]|China First Affiliated Hospital of Sun Yat-sen 3. the clinical ResNet-18 noderate/severe white |F1 score AUC=1:0. 73, 2:0. 94, 3:0. 72
University (259 patients) laboratory signature . PO
7 matter lesions (WMLs) |[sensitivity
4. 3+demographic data oeeifieit
5. 142+4 P v
R
recall rate
AUC
accuracy
sensitivity -
o ) . fundus photos e Tnception V3:
Bei jing Yanhua Hospital and Beijing Xuanwu 1.548mm wavelengths o specificity AUC=1:0. 913, 2:0. 910, 3:0. 904, 4:0. 945, 5:0. 954
Hospital of Capital Medical University: 2. 605nm wavelengths Inception V3 positive ResNet50:
Hui Li, Aug.2023[13] China 150 atrial fibrillation without IS in 1 year and 5. 8lom wavelongthe  [ResNets0 ischemic stroke predictive UG 0, 885, 2:0. 887, 3:0. 863, 4:0. 892, 5:0. 910
100 atrial fibrillation with ischemic stroke 1 L SE50 value (PPYV) js
vear 514243 negative AUC=1:0. 878, 2:0. 900, 3:0. 875, 4:0. 920, 5:0. 953
predictive
value (NPV)
F1 score
Efficient-attention:
Guangdong Provincial Hospital of Integrated ResNet :Eg“r"“"' AUC=0. 904
Lin An, Sep.2023[14]  [China Traditional Chinese and Western Medicine (409 crp EfficientNet CeVD risk it accuracy=0. 834
subjects:133 cases:276 controls)) Efficient-attention speciiicity
sensitivity
Severance Hospital:322 |Severance Hospital: i T .
JaeSeong Hong, Republic of |images of 67 cases:3752 |test:83 images of 17 cip RosNeXi50 "“’”a"“”i’a isease accuracy WD staging:AUC=stage 1:78. 9%, stage
Jan. 2024[15] Korea images of 1616 controls—|cases:83 images of 33 CSTeRTS sereening sensitivity 2:80. 6%, stage 3=93. 6%, stage 4:91. 8%, stage
MMD staging
rest controls Fl-score 5:88. 1%
the Centro Hospitalar e Universitario de support vector AD sensitivity sensitivity:AD:84. 6% PD:85. 2k HC:96. 2%
Ana Nunes, Jun, 2019016]  [Portugal [0 TSP R € el oct e hine (ST o specificity specificity:AD:96. 3%, PD: 100%, HC:88. 2%
accuracy accuracy:86. 3%
MCC
) Aragon—CEICA, Zaragoza, Sp sensitivity
Carlo Cavaliere, ) ‘ Teave-one-out cross— ’ o
e, 2019017] Spain ain: e oct SV NS specificity
0 48 cases:48 controls accuracy accuracy=0. 91

AUC

AUC=0. 97




Neurodegeneration Diseases

University Hospitals UZ

hyperspectral
imaging, OCT:

Leuven: 10 clinicall 1.S1 spectra Linear di {minant 1. AUROC=0. 67
Sophie Lemmens, Belui O le Ab o nested leave-one-out 2.12 spectra e ‘(I”A')“ P AUROC 2. AUROC=0. 70
Nov. 2020 18] eieiun probabe AU or crossvalidation (LOOCY) 3.S1 spectratRNFL anatysis G0 ! i 3. AUROC=0. 72
biomarkerproven AD and . classifiers -
29controls thickness 4. AUROC=0. 79
controts 4.12 spectra+RNFL
thickness
. . sensitivity sensitivity=0. 7730-0. 8418
] ank: ages J-Ne
Jiangiao Tian, UK Biobank:122 images of U-Net specificity specificity=0. 8270-0. 8664
Jan, 2021[19] USA 87 AD:122 images of 87 ——20% CFP SVM-based AD acouracy
- ’ control s—80% classifier .
F-1 score
multiple linear
regression (MLR)
support vector
machines (SVM) . 5%
decision tree (DT) accuracy precision: 88.7%
. . . . k-nearest MS diagnosis itivity AUC: 0.8775
Glb‘zr;‘,’ 2otz [SPR ’fag“‘f} _S‘ff‘lg: [‘““t”T‘_” Hospital: oct neighbours (k-NN) |long-termprediction of |specificity long-termprediction of MS disability
ontotlo, jun. cases: controts Naive Bayes (NB) MS disability course precision
ensemble classifier AUC
(EC)
long short—term m ficity: 82.2%
(LSTM) recurrent precision: 78.9%
neural network AUC: 0.8165
the Seventh Affiliated
Hospital of Sun Yat-sen Support vector sensitivity SVM:
. N . University:332 images . . e machine (SVM) and [dementia IR AUC=dementia:0. 86, MCI:0. 87, normal:0. 85
Qian Zhang, Nov. 2021[21] |China 86 subjects (22 28 subjects CFP extreme learning \CT :rzclfl(.lty ELM:
dementia:26 MCI:38 machine (ELM) o AUC=dementia:0. 84, MCI:0. 83, normal:0. 81
controls)——58 subjects
Denis Corbin Canadian Longitudinal  |CLSA: 1. CFP InceptionV3 commitve iigxif\giw“ & 3.R=global cognition:0. 224, executive
Apr 2022[22]’ Canada Study on Aging (CLSA) : validation:3860 images 2. metadata MobilenetV2 fuiction 'S ced, memory |MAE function:0. 156, speed:0. 220, memory:0. 035, inhi
P 18000 images testing:3877 inages 3. CFP+netadata EfficientNet (1on speeth v bition:0. 184
and inhibition)
—
;‘ E}}:‘i’ﬂ o HR of cognitive decline:
der ity and 1. CRAE: 1. 198/SD, CRVE:0. 989/SD
National University Hospital and St. Luke’ s PR HR of comnitive |2 CRAE:L 311/SD, CRVE:1.281/SD
Carol Y. Cheung, Singapore Hospital, Singapore:no cognitive impairment 3 CFl’+cd(ucation STVA-DLS CRAE decline s 3. CRA 258/SD, CRVE: 1. 204/SD
Aug. 2022[23] sap (NCI), cognitive impairment-no dementia (CIND), C;}erI‘OVaSCHl’u"diSCaSC CRVE HR of dementia HR of dementia:
and dementia (n=491),5 years status, h cr(tcnsion 364/SD, CRVE: 0. 815/SD
AR " 443/SD, CRVE: 1. 227/5D
pperipidema, 3. CRAE: 1. 624/SD, CRVE: 1. 460/SD
diabetes and smokin;
XGBoost
Xiangya Hospi tal, the Light GBM accuracy accuracy=0. 66-0. 75
Xin Wang, 0ct.2022(24]  [China Third Xiangya Hospital:77|—30% oCTA T D AL AC0.65°0.78
AD: 145 controls—70% Random Forest f1 score f1 score=0.52-0.72
! Gradient Boost recall recall=0. 66-0. 75
AdaBoost
11 cllnl?al studies and was'donc a? 8 ccntrcs in 2. CFP+risk factors (ie, Alzheimer’ s AUC )
Carol Y Cheun Hong Kon: 4 countries (Hong Kong Special Administrative age, gender, and disease (AD) acourac AD:AUC=0. 73-0. 93
v, 2022095 cpie " |Region, China, Singapore, the UK, and the e o e of [EfficientNet-bz | (SR enete ity Amyloid B positive:AUC=0. 68-0. 86
: N USA) :5598 images of 648 cases:7351 images of 3240 P . " . P Cos PO Y AD+amyloid B positive:AUC=0.73-0.85
trols) hypertension and AD+amyloid B positive [specificity
controts diabetes;
extreme gradient
boosting (XGBoost),
Light Gradient
Xiangya Hospital, the Boosting Machine accuracy accuracy=0. 70-0. 74
. . . Third Xiangya p - (Light GBM), k- AUC AUC=0. 68-0. 75
W; . 202 a . —=30% i 3 ’ J
Xin Wang, Dec. 2022(26] China Hospital:159 AD:299 30% oct nearest neighbor, AD f1 score f1 score=0.60-0. 70
controls—70% Random Forest, recall recall=0. 70-0. 74
Gradient Boost, and|
Adaptive Boosting
(AdaBoost)
H-Y scale:
sensitivit
1. CFP
‘ < o specificity=66. 81%
a 2 . . CFP+age, P o I
o ets (330 Seoul National e e tes sensitivity [accuracy=73.38% sensitivity=70.73%
. oo Republic of |, P onn J N University Hospital . a8 M PD(H-Y scale and UPDRS-|specificity AUROC=0. 77 specificity=66.66%
Sangil Ahn, Mar. 2023[27] images of 266 PD:700 ——80 subjects . and hypertension data |ResNet-18 o ~ N
Korea images of 319 NON-PD)— and Yeungnam 1. CFP+sex, age, diabetes 111 score) accuracy UPDRS-II1 score: accuracy=70. 45%
- o University Hospital . SR S AUROC sensitivity=82.61% AUROC=0. 67

rest

and hypertension data
with multimodal method

specificity=65. 75%
accuracy=71. 64%

AUROC=0. 77




Duke Alzheimer’ s Disease Research Center’ s

OCT, OCTA:
1.GC-TPL thickness maps

registry: 2.0CTA images A
C. Ellis Visely, USA 164 eyes of 80 cases:236 eyes of 129 controls 3.quantitative OCT and [ResNetl8 mild cognitive aceuracy. AUC=1:0. 681, 2:0. 625, 3:0. 960, 4:0. 693, 5:0. 809
Jun. 2023[28] training: 104 eyes:152 eyes impairment (MCT) sensitivity
Lnine OCTA data o
validation:20 eyes:24 eyes 4. 1+2 specificity
testing:30 eyes:60 eyes 5. 14243
accuracy accuracy=96%
o Chulalongkorn University: sensitivity
C. Luengnaruemitchai, Thailand |81 images of 41 AD:66 images of 33 AD:78 images CFP \NetCDR AD or MCT specificity g
Jul. 2023[29] DenseNet-121 o
of 39 controls precision 95%
Fl score |precision=97%
accuracy
Daping Hospital, Army Medical University: \FE modules precision
) ) 38 AD, 29 MCT, 50 controls A ) recall accuracy=91. 64%
7 S . 313 "+ S5~ —rus
Hebei Gao, Sep. 2023[30]  [China WU Eve Hosp!ral: CFP+0CT fr<_>:< Modal-Fusion [\ - teeiticity R,
140 cases:133 controls n F1 score
AUC
?\I’I;ige% ServetfH:gp]tal: L:
ol nages oF 08 precision:0. 850-0. 946
patients (Alzheimer’ s L S
. . N precision sensitivity:0.910-0. 958
Disease:AD, Parkinson” s ocT sensitivit dice score:0.882-0. 943
Mateo Gende, Nov.2023[31] [Spain Disease:PD, Multiple —10% MGU-Net AD, PD, MS, ET, HC Sens v seore:t -

Sclerosis:MS, Essential
Tremor:ET, Heal thy
Control :HC)

—90%

(RNFL, GCL-BM)

dice score
MAE

GCL-BM:

0. 954-0. 990
sensitivity:0.919-0. 989
dice score:0.951-0. 987

Samsung Medical Center:

1. ResNet, DenseNet,

AUC:

) 85 scans of 55 15 scans of 30 EfficientNet and A 1:ResNet=50. 6%, DenseNet=52. 4%, EfficientNet=4
Je Moon Yoon, Republic of ’ subjects (29 scans of 17 ° accuracy o0
subjects (31 scans of 20 0CTA+age, sex Inception AD racy. 8%, Inception=51. 2%
Jan. 2024[32) Korea ba e AD:16 scans of 13 o Lo sensitivity i
controls) controls) 3. nnUNet, LGBM specificity 2:72.2%
Kailuan community in
Rui Li, Jan. 2024[33] China Tangshan:908 subjects (191}, g NFN+ cognitive decline AUC AUC=0. 799
cognitive impairment:417 Random Forest
controls) ~-80%
National Institute of  |NIMHANS:
Mental Health and validation:56
N Abhishek Appaji, ) Neurosciences subjects (33 cases:23 ) ) _
Psychiatric Diseases Mar. 2022[34] India (NTMHANS) : 198 controls) CFP CNN schizophrenia AUC AUC=0. 98
subjects (116 cases:82  [test:30 subjects (17
controls) cases:13 controls)
the Singapore
Prospective Study
Program (SP2) (7470 A:CFP
) ) images of 3735 B:risk factors o
Charumathi Sabanayagam, |, SE??“?”;;"'“ES “’izf}lgg ?222(25?? ]Z‘ag;;f subjects, 240 including CondenseNet Chronic kidney ALC A:AUC0.911 . 733, B:0. 829, C:0. 810
Jun. 2020[35] ingapore - patients, SIE cases: ot parlents, cases:3495 controls) [age, sex, ethnicity, diabe[* O"¢"SEN® disease (CKD) . 835, B:0. 887, C:0. 858
controls) cases:1053 controls) L A
Beijing Eye tes, and hypertension
Study (BES) (3076 images|C:A+B
of 1538 subjects, 53
cases:1485 controls)
Chang Gung Memorial
Chang Gung Nemorfal Hospi tal (CGMH), Linkou
- 7 . Medical Center .
fl“?e;gzé“mg?““ Kang,  1aivan, China ;“Z‘.’“i‘lé“’“t”” é&‘;‘;;" validation:2189 images crp VG619 garly renal function |y AUC=0. 81
o : e ot 1970 aubinet ) |of 621 subjects mpatrmen
mages ob AVI0 SUDICCES) 1 tosting: 2730 images of
621 subjects
B A:CFP
val idation: 11837 inages B:covariates (age, eGFR e eGFR:MAE=A: 13. 41, B: 10. 27, C: 10. 2nL/min/1. 73n"
Glen James, Jan.2021[37] |UK UKB (117307 images of of 6427 subjects A veight, sex, SBP, DBP, |, 0 iion v3 current CKD AUC current CKD:AUC=A:0. 668, B:0. 646, C:0. 641
o : 59352 subjects) test:6215 images of BMI, smoking, height, ’ future CKD R future CKD:AUC=0. 633, B:0. 627, C:0. 651
St:0279 ) heart rate) future DN future DV:AUC=0. 749, B:0. 748, C:0. 732
3780 subjects ooh
842, C:0. 898
China C tum of 1. Guangdong province [A:CFP AUC 817, C:0.
F 1:15 (Imsortlum ’ CC-FII-C: (16118 images of 8059 |B:clinical KD R2 CKD:AUC=A:0. 918, B: 0. 861, C:0. 930 A:0. 829, B:0. 800, C:0. 848
e e . tuning:8614 inages from |subjects) netadata (age, sex, . Pearson” s early CKD:AUC=A-0. 839, B+0. 805, C:0. 864 carly CKD:2:AUC=A:0. 834, B:0. 787, C:0. 845
Kang Zhang, Jun.2021[38] |China ot Cr(t)S?CC’ 4307 subjects 2.China suboptimal  |height, weight, body- [ResNet-50 ppaiey correlation eGFR:A:R*=0. 507, PCC=0. 716, MAE=11. 1 . 481, PCC=0. 700, MAE=12. 9nL./min
;?;5?22024: ?.:Z s op [|internal:17454 images |health cohort study [mass index and blood ?n’cjdent o coefficient nl/min/1. 73n’
30123 subjects) fes of 8727 subjects (COACS) (6162 images of [pressure) (PCC) incident CKD:HR=1.87 €GFR:2: A:R=0. 327, PCC=0. 577, MAE=11. 8nl./min
. subJects 3081 subjects) C:A+B HR /1730

incident CKD:HR=2.21




Renal Diseases

1. CFP+age, sex, and
ethnicity

2. 1+deprivation,
smoking status,
drinking status,
physical activity,

Shiran Zhang, May hina UK biobank (19200 images |UK biobank (35864 B e it \ception retinal age HR of incident |1.HR=1.09/year
2023[39] of 11052 subjects) subjects) e e ™ kidney failure 2. HR=1.10/year
pressure, body mass
index, cholesterol,
estimated glomerular
filtration rate, and
general health status
Young Su Joo, Republic of |Severance Hospital (158216 <> 0447 subjects) CiPrelinical ) HR of CKD UK biobank: 1. 34/SD
; . Korean Diabetic factors (age, sex, ConvNeXT Reti-CKD score o e .
Jun. 2023[40] Korea inages of 79108 subjects) | L o hvsertonsion.  disbetes) incidence Korean Diabetic Cohort:1.94/SD
Togistic
regression (LR)
least absolute
o ) shrinkage and
‘:;i:ﬂ;“"“ﬂ sk etection for A-F:AUC=
Bt dod sk operator (LASS0) LR:0. 796, 0. 821, 0. 811, 0. 58, 0. 622, 0. 584
S elastic net (EN) LASS0:0. 781, 0. 811, 0. 806, 0. 773, 0. 814, 0. 772
bt tmging paranctors |Clessification and EN:0. 797, 0. 827, 0. 822, 0. 737, 0. 843, 0. 754
Charumathi Sabanayagam, |g o |SEED(1365 patients, 162 | o DBreonetic parametors |FOETESSION Incident DKD . CART:0. 702, 0. 744, 0. 742, 0. 666, 0. 703, 0. 631
Sep. 2023[41] cases:1203 controls)--80% B o | tree (CarT) RF:0.774, 0. 814, 0. 817, 0. 785, 0. 772, 0. 745
Bt ineging S |random forest (RF) GBDT:0. 789, 0. 807, 0. 807, 0. 783, 0. 809, 0. 779
araneteretblood gradient boosting XGB:0. 764, 0. 801, 0. 804, 0. 77, 0. 801, 0. 788
netabol i testgenetic |decision tree(GBDT) SV:0. 604, 0. 744, 0. 75,0, 722, 0. 728, 0. 723
parameters extreme gradient NB:0. 782, 0. 812, 0. 793, 0. 753, 0. 645, 0. 657
boosting (XGB)
support vector
machine (SVM)
naive Bayes (NB)
) ) Shandong Eye accuracy, accuracy=91. 68%
;:ilgggg[zg’ China Hospital (35600 images of |--20% oct QECE?:’:‘ZEMQ diabetic nephropathy [sensitivity and iti 9. 99%
S 66 _subjects) —-80% specificity
1.age, gender, duration
of diabetes,
hypertension, history
of cardiovascular and
cerebrovascular
disease, smoking, - acouracy, accuracy=84. 5%
Shaomin Shi, Oct.2023[43] |China Xiangyang Central Xiangyang Central ?ﬁiii;?i:’edmd S DKD sensitivity, :z::;ici: iy
et Hospital (360 diabetes) [Hospital (155 diabetes) Sy GBDT specificity, F1 | ot
hemoglobin (%) daBoost e e e [FL score=0.815
2. nonvascular area, b seore AUC=0. 914
total vessel
tortuosity, total
fractal dimension and
vessel caliber from
CcFPs
1. SEED (3938 images of
1885 subjects, 798
cases: 1171 controls)
2. Singapore
Macroangiopathy and
Microvascular P
Reactivity in Type 2 g 4ok factors adjusted
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Nov. 2023[44]

cases:3510 controls)

controls)

3. Australian Eye and
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diabetes)
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Longitudinal Study of
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diabetes)
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blood pressure

C:A+B
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AUC=A: 0. 826, B: 0. 847, C: 0. 866

SMART2D: AUC=A: 0. 726, B: 0. 701, C:0. 761




Songyang An, Nov.2023[45]
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EfficientNetV2S
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2:CKD with eGFR (serum
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)

AUC sensitivity
specificity F1
scores

1:AUC=A:0. 649, B: 0. 668, C:0. 747, D:0. 681, E: 0. 65
1

2:AUC=A:0. 742, B:0. 758, C:0. 798, D:0. 737, E: 0. 72
4

hypertension
hyperglycemia
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China:1222 images of 625 subjects HCT hypertension: AUC=0. 766
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. ; tuning:8614 images from |subjects metadata(age, sex, . Pearson’ s . R . R 2DM: 1:AUC=A:0. 854, B:0. 796, C: 1
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central obesity
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C-reactive
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the Third Affiliated
Hospital of Sun Yat-sen ) .
University, the the Third Affiliated hepatobiliary diseases screening: AUROC=0. 68
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of Southern Medical S ; liver cirrhosis . |liver cancer:AUROC=0. 84
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non-alcoholic fatty
liver disease
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