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Summary
Background Improving the accessibility of screening diabetic kidney disease (DKD) and differentiating isolated
diabetic nephropathy from non-diabetic kidney disease (NDKD) are two major challenges in the field of diabetes care.
We aimed to develop and validate an artificial intelligence (AI) deep learning system to detect DKD and isolated
diabetic nephropathy from retinal fundus images.

Methods In this population-based study, we developed a retinal image-based AI-deep learning system, DeepDKD,
pretrained using 734 084 retinal fundus images. First, for DKD detection, we used 486 312 retinal images from
121 578 participants in the Shanghai Integrated Diabetes Prevention and Care System for development and internal
validation, and ten multi-ethnic datasets from China, Singapore, Malaysia, Australia, and the UK (65 406 participants)
for external validation. Second, to differentiate isolated diabetic nephropathy from NDKD, we used 1068 retinal
images from 267 participants for development and internal validation, and three multi-ethnic datasets from China,
Malaysia, and the UK (244 participants) for external validation. Finally, we conducted two proof-of-concept studies: a
prospective real-world study with 3 months’ follow-up to evaluate the effectiveness of DeepDKD in screening DKD;
and a longitudinal analysis of the effectiveness of DeepDKD in differentiating isolated diabetic nephropathy from
NDKD on renal function changes with 4⋅6 years’ follow-up.

Findings For detecting DKD, DeepDKD achieved an area under the receiver operating characteristic curve (AUC) of
0⋅842 (95% CI 0⋅838–0⋅846) on the internal validation dataset and AUCs of 0⋅791–0⋅826 across external validation
datasets. For differentiating isolated diabetic nephropathy from NDKD, DeepDKD achieved an AUC of 0⋅906
(0⋅825–0⋅966) on the internal validation dataset and AUCs of 0⋅733–0⋅844 across external validation datasets. In the
prospective study, compared with the metadata model, DeepDKD could detect DKD with higher sensitivity (89⋅8% vs
66⋅3%, p<0⋅0001). In the longitudinal study, participants with isolated diabetic nephropathy and participants with
NDKD identified by DeepDKD had a significant difference in renal function outcomes (proportion of estimated
glomerular filtration rate decline: 27⋅45% vs 52⋅56%, p=0⋅0010).

Interpretation Among diverse multi-ethnic populations with diabetes, a retinal image-based AI-deep learning system
showed its potential for detecting DKD and differentiating isolated diabetic nephropathy from NDKD in clinical
practice.

Funding National Key R & D Program of China, National Natural Science Foundation of China, Beijing Natural
Science Foundation, Shanghai Municipal Key Clinical Specialty, Shanghai Research Centre for Endocrine and
Metabolic Diseases, Innovative research team of high-level local universities in Shanghai, Noncommunicable Chronic
Diseases-National Science and Technology Major Project, Clinical Special Program of Shanghai Municipal Health
Commission, and the three-year action plan to strengthen the construction of public health system in Shanghai.
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(http://creativecommons.org/licenses/by-nc/4.0/).
Prof B Sheng PhD); Beijing Visual

Science and Translational Eye

Research Institute (BERI), Beijing

Tsinghua Changgung Hospital

Eye Center, School of Clinical

Medicine, Tsinghua Medicine,
Introduction
Diabetic kidney disease (DKD) occurs in around 40% of
patients with diabetes1,2 and is associated with significantly
increased morbidity and mortality.3,4 Early detection
www.thelancet.com/digital-health Vol 7 May 2025
and intervention of DKD via regular screening is a well
established clinical pathway.5 Currently, screening is based
on collecting blood and urine samples, by measuring esti-
mated glomerular filtration rate (eGFR) from blood and
1
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Research in context

Evidence before this study
We searched PubMed for studies of deep learning-based chronic
kidney disease (CKD), diabetic kidney disease (DKD), diabetic
nephropathy, or non-diabetic kidney disease (NDKD) detection
from retinal images published from database inception to
March 10, 2024, using the search terms “detection of chronic
kidney disease using retinal images”, “detection of diabetic kidney
disease using retinal images”, “detection of diabetic nephropathy
using retinal images”, “detection of non-diabetic kidney disease
using retinal images”, “artificial intelligence”, “machine learning”,
and “deep learning”. The search was limited to English language
publications. Although few studies have investigated the detection
of CKD (diagnosed by reduced estimated glomerular filtration rate
only) via deep learning applied to retinal images, to our knowledge
no study has reported the detection of DKD (diagnosed by the
reduced estimated glomerular filtration rate or the increased
albumin to creatinine ratio) via deep learning applied to retinal
images among multi-ethnic populations with diabetes.
Furthermore, no study has explored the use of retinal images solely
to differentiate isolated diabetic nephropathy fromNDKD via deep
learning.

Added value of this study
We developed and validated a retinal fundus image-based AI-deep
learning system (termed DeepDKD, a single AI system using retinal
fundus images solely as inputs) for detecting DKD; and among
people with DKD, differentiating isolated diabetic nephropathy
from NDKD, in multi-ethnic populations with diabetes (from
China, the UK, Australia, Malaysia, and Singapore). For detecting
DKD, DeepDKD achieved an area under the receiver operating
characteristic curve (AUC) of 0⋅842 on the internal validation
dataset and AUCs of 0⋅791–0⋅826 across ten external validation

datasets. For differentiating isolated diabetic nephropathy from
NDKD, DeepDKD achieved an AUC of 0⋅906 on the internal
validation dataset and AUCs of 0⋅733–0⋅844 across three external
validation datasets. Furthermore, we conducted two proof-of-
concept studies to demonstrate the effectiveness of the DeepDKD
system in clinical settings: a prospective real-world study in a
primary care setting to evaluate the performance of the DeepDKD
system in DKD screening among 325 participants with 3 months’
follow-up; and a longitudinal analysis of the effectiveness of the
DeepDKD system in differentiating isolated diabetic nephropathy
from NDKD on renal function changes over time among
207 participants with 4⋅6 years of follow-up data.

Implications of all the available evidence
We established a single, non-invasive retinal image-based
DeepDKD system which could improve access to screening and
detection of DKD, prioritising patients who will need confirmatory
laboratory tests in low-resource primary care settings. The ability
of DeepDKD to differentiate isolated diabetic nephropathy from
NDKD could also be used as an ancillary tool to minimise the need
for invasive kidney biopsy.With the increasing availability of digital
retinal fundus photography, and the future development of
potentially even cheapermobile phone-based fundus cameras, our
DeepDKD system could be adopted as a relatively simple, real-time
tool for screening of both eye (diabetic retinopathy) and kidney
(DKD) complications in people with diabetes in primary care
settings. DeepDKD also has promising applications in the clinical
workflow of differentiating isolated diabetic nephropathy from
NDKD inmore specialised care settings to assist diabetes physicians
and nephrologists to enable more precise and personalised
diagnostic and therapeutic clinical decision making.

Articles

2

albumin-to-creatinine ratio (ACR) from urine.6 However,
measuring eGFR and ACR poses substantial challenges in
primary care and low-resource settings, due to the limited
awareness7 and accessibility to conduct and analyse these
tests.8 The urine dipstick test to assess albuminuria is an
alternative screening test because of its lower cost and
simpler use.9,10However, the sensitivity of the urine dipstick
test in detecting albuminuria varies from 43⋅6% to
69⋅4%,10–12 which could lead to missed diagnosis and
delayed treatment. Thus, substantial efforts are devoted to
developing rapid, simple, point-of-care tests to improve
DKD screening in primary care settings.
In patients with DKD, another important clinical process

is differentiating kidney damage specifically due to diabetes,
referred to as diabetic nephropathy, from other causes,
referred to as non-diabetic kidney disease (NDKD).
This differentiation is important because many forms
of NDKD can be successfully treated, in contrast to
isolateddiabeticnephropathy,whichhas amoreprogressive
course leading to irreversible kidney damage.13 The
prevalence of NDKD is high among people with diabetes,
ranging from 33% to 72⋅5%.13 However, the pathological
diagnosis of NDKD typically involves an invasive kidney
biopsy.13 This procedure is not commonly undertaken even
if needed, due to potential risks and contraindications.14

Having access to simpler, non-invasive tests to distinguish
isolated diabetic nephropathy from NDKD is useful for
endocrinologists and nephrologists to narrow a differential
diagnosis.
The retina provides a non-invasive way to evaluate dia-

betes complications. It is well known that diabetic retinop-
athy is closely linked to risk, occurrence, and progression of
DKD.15 Emerging artificial intelligence (AI) deep learning
technologies16 applied to retinal fundus images have been
developed for automated diabetic retinopathy screening17–19

as well as chronic kidney disease (CKD).20,21 In people with
diabetes, however, there have been no studies to our
knowledge using retinal-image-based AI-deep learning
algorithms for detecting DKD or differentiating isolated
diabetic nephropathy from NDKD.
To address these two important gaps in DKD manage-

ment, we aimed to develop and validate a single retinal
www.thelancet.com/digital-health Vol 7 May 2025
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image-based AI-deep learning system (termed DeepDKD)
to detect DKD and differentiate isolated diabetic nephrop-
athy from NDKD. Furthermore, we aimed to conduct
proof-of-concept clinical studies toevaluate the effectiveness
of DeepDKD in clinical settings.
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Methods
Study design, datasets, and diagnosis criteria
We conducted amultistage population-based study in three
parts as described later, using retrospective and prospective
datasets. To pretrain the DeepDKD system, we used
734 084 retinal fundus images from 90 067 participants in
the Shanghai Diabetes Prevention Program cohort. To
develop and internally validate DeepDKD for DKD detec-
tion, 486 312 retinal fundus images and clinical metadata
(including age, sex [self-reported], BMI, current smoking
status [yes or no], duration of diabetes, systolic blood
pressure, diastolic blood pressure, HbA1c, and diabetic ret-
inopathy status [yes or no]) from 121 578 participants with
diabetes in the Shanghai Integrated Diabetes Prevention
and Care systemwere used. Ten external validation cohorts
(the China National Diabetic Chronic Complications
Study cohort, the Nicheng Diabetes Screening Project
[NDSP] cohort, the Peking Union Diabetes Management
[PUDM] cohort, the Eastern China Health Management
cohort, the Chinese University of Hong Kong-Sight-
Threatening Diabetic Retinopathy cohort, the Singapore
Epidemiology of Eye Diseases study cohort, the UK
Biobank [UKB] cohort, the Multiethnic Lifestyle, Obesity,
and Diabetes Registry in Malaysia [MeLODY] cohort,
the Longitudinal Study of Ageing cohort, and the
Australian Eye and Heart Study cohort) were collected
(65 406 participants). To develop and internally validate
DeepDKD for distinguishing isolated diabetic nephrop-
athy from NDKD, 267 patients with diabetes who had
undergone kidney biopsies in the Diabetic Retinopathy
Progression Study cohort were used. Three external val-
idation datasets (the Wuhan Kidney Disease Screening
[WHKDS] cohort, the UKB cohort, and the MeLODY
cohort) were collected (244 participants). The details of
these included datasets are described in the table and
appendix (pp 4–5, 15–16). For these datasets, we included
participants with diabetes and gradable fundus images.
We did not apply any other inclusion or exclusion criteria
to the participants or images included in the present
study. The retinal image information in these included
datasets is described in the appendix (pp 17–18).
The detailed diagnosis criteria of DKD, isolated diabetic

nephropathy, and NDKD used in this study are in the
appendix (p 6).Diabetic retinopathy is diagnosed and staged
according to the International Clinical Diabetic Retinopathy
Severity Scale.22

This study was approved by the Ethics Committee
of Shanghai Sixth People’s Hospital (2019-087, approved
Aug29,2019; 2023-KY-023(K), approvedMarch7, 2023) and
Huadong Sanatorium (2022-14, approved Nov 11, 2022).
www.thelancet.com/digital-health Vol 7 May 2025
Informed consent was obtained from participants in this
study, which was conducted in accordance with the
Declaration of Helsinki.

Model development of the DeepDKD system, metadata
model, and combined model
We developed our system (DeepDKD) to detect DKD
(non-DKD group, DKD-moderately increased risk group,
DKD-high risk group, or DKD-very high risk group) and to
distinguish isolated diabetic nephropathy from NDKD,
using retinal fundus images only as inputs. DeepDKDused
large-scale weakly supervised momentum contrastive
learning as a method for extracting transferable visual
representations of retinal fundus images with further
supervised training in two tasks (appendix p 43). In the
pretraining process, we employed the layer-wise adaptive
rate scaling optimiser with a default weight decay value of
1 × 10−6, training the model for 800 epochs with a learning
rate of 0⋅01, a temperature τ of 0⋅07, and a batch size of 256.
In the supervised training process, there were two classi-
fiers. For the DKD classifier (task 1: detecting DKD), we
used ResNet-5023 as the backbone, and set its initial weights
from the above well-trained weakly supervised momentum
contrastive learning model. The DKD classifier was trained
for a total of 100 epochs, andmodel selectionwas conducted
based on metrics such as the area under the receiver
operating characteristic curve (AUC), and Cohen’s kappa
coefficient on the internal validation set. For the diabetic
nephropathy classifier (task 2: differentiating isolated
diabetic nephropathy from NDKD), given the insufficient
training data tomitigate model overfitting, we directly froze
the encoder of the DKD classifier and trained a new linear
classifier to differentiate isolated diabetic nephropathy from
NDKD. For the classification of an individual participant,
the predicted probability scores of available retinal fundus
images were averaged.
In addition, we developed a metadata model and a com-

bined model. Both the predicted probability scores from
retinal fundus images (derived fromDeepDKD) and clinical
metadata were input into the combinedmodel.We used the
XGBoost classifier24 in the metadata model and combined
model. Details of the model development are in the
appendix (pp 7–10).

Explainability analysis of the DeepDKD system
We utilised Grad-CAM25 as a method for visualising the
interpretability of the output predictions from the
DeepDKD system.Grad-CAMprovided insights intowhich
regions of the input image were crucial for the model’s
prediction. For the output results of Grad-CAM, we select-
ively retained the retinal region and normalised pixel values
to the range of 0–255.

Proof-of-concept clinical studies of the DeepDKD system
We conducted two proof-of-concept studies to demonstrate
the clinical effectiveness ofDeepDKD.First, we conducted a
prospective real-world study on patients with type 2 diabetes
3
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Developmental
dataset

Internal
validation
dataset

External validation datasets

CNDCS NDSP PUDM ECHM CUHK-STDR SEED UKB MeLODY NICOLA AHES

(Continued from previous page)

Systolic blood pressure, mm Hg 142⋅47
(19⋅03)

142⋅41
(19⋅03)

137⋅18
(19⋅94)

138⋅17
(15⋅65)

122⋅60
(15⋅45)

117⋅91
(19⋅24)

121⋅94
(19⋅39)

142⋅46
(20⋅79)

145⋅53
(18⋅46)

141⋅56
(16⋅69)

134⋅22
(18⋅65)

NA

Diastolic blood pressure, mm Hg 80⋅66
(10⋅14)

80⋅59
(10⋅08)

80⋅11
(11⋅09)

84⋅10
(7⋅66)

79⋅61
(10⋅34)

74⋅49
(14⋅81)

77⋅15
(14⋅94)

77⋅71
(10⋅25)

82⋅95
(10⋅66)

76⋅30
(9⋅40)

79⋅94
(11⋅39)

NA

Cholesterol, mmol/L 4⋅98
(1⋅13)

4⋅98
(1⋅13)

4⋅98
(1⋅17)

5⋅34
(1⋅05)

4⋅70
(2⋅48)

4⋅91
(1⋅23)

4⋅27
(0⋅91)

5⋅00
(1⋅21)

4⋅64
(1⋅19)

4⋅51
(1⋅12)

NA NA

HDL-cholesterol, mmol/L 1⋅36
(0⋅44)

1⋅35
(0⋅42)

1⋅27
(0⋅37)

1⋅29
(0⋅34)

1⋅22
(0⋅39)

1⋅20
(0⋅35)

1⋅36
(0⋅48)

1⋅10
(0⋅33)

1⋅20
(0⋅34)

1⋅21
(0⋅31)

NA NA

LDL-cholesterol, mmol/L 2⋅99
(0⋅96)

3⋅00
(0⋅95)

3⋅01
(0⋅99)

3⋅23
(0⋅86)

2⋅68
(0⋅94)

2⋅87
(0⋅96)

2⋅27
(0⋅76)

3⋅03
(0⋅97)

2⋅81
(0⋅88)

2⋅49
(0⋅92)

NA NA

Triglyceride, mmol/L 1⋅84
(1⋅47)

1⋅83
(1⋅41)

2⋅41
(2⋅72)

2⋅03
(2⋅02)

1⋅83
(2⋅08)

1⋅95
(2⋅17)

1⋅46
(0⋅93)

NA 2⋅12
(1⋅25)

1⋅83
(1⋅20)

NA NA

HbA1c, % 7⋅22
(1⋅24)

7⋅22
(1⋅25)

7⋅66
(1⋅92)

6⋅75
(1⋅21)

7⋅55
(3⋅46)

6⋅73
(2⋅26)

6⋅97
(1⋅81)

7⋅56
(1⋅57)

7⋅13
(1⋅51)

7⋅95
(1⋅96)

7⋅58
(1⋅72)

7⋅97
(1⋅94)

Fasting plasma glucose, mmol/L 7⋅97
(2⋅69)

7⋅96
(2⋅72)

9⋅02
(3⋅53)

7⋅76
(1⋅98)

8⋅47
(2⋅63)

8⋅17
(3⋅32)

7⋅78
(3⋅00)

NA 7⋅22
(3⋅09)

8⋅10
(3⋅94)

NA NA

Duration of diabetes,
years

7⋅77
(5⋅44)

7⋅77
(5⋅45)

6⋅98
(5⋅87)

4⋅95
(5⋅22)

5⋅22
(2⋅84)

5⋅23
(2⋅94)

12⋅04
(9⋅59)

7⋅72
(9⋅04)

8⋅56
(10⋅22)

8⋅67
(3⋅81)

6⋅17
(2⋅09)

NA

eGFR, mL min−1

per 1⋅73 m2
85⋅72

(16⋅40)
85⋅57

(16⋅31)
90⋅62

(18⋅08)
94⋅28

(11⋅74)
96⋅10
(16⋅68)

91⋅76
(22⋅73)

81⋅12
(26⋅23)

81⋅72
(21⋅41)

88⋅32
(17⋅05)

77⋅43
(31⋅00)

75⋅80
(19⋅44)

78⋅17
(24⋅05)

ACR, mg/g 16⋅09
(7⋅60–41⋅98)

15⋅61
(7⋅42–39⋅96)

13⋅48
(5⋅34–41⋅69)

8⋅17
(5⋅31–15⋅42)

1⋅18
(0⋅68–3⋅04)

20⋅35
(9⋅41–68⋅48)

NA 17⋅68
(9⋅26–42⋅17)

15⋅15
(8⋅01–36⋅51)

38⋅30
(14⋅16–306⋅42)

NA NA

Diabetic retinopathy 10337
(12⋅15%)

4589
(12⋅58%)

8821
(17⋅08%)

189
(11⋅14%)

37
(11⋅15%)

672
(10⋅78%)

331
(65⋅54%)

400
(23⋅75%)

94
(5⋅05%)

218
(31⋅78%)

28
(11⋅67%)

66
(12⋅84%)

DKD status

Non-DKD group 54310
(63⋅81%)

23808
(65⋅29%)

34438
(66⋅70%)

1490
(87⋅80%)

314
(94⋅58%)

3618
(57⋅86%)

423
(83⋅76%)*

1032
(61⋅28%)

1244
(66⋅88%)

262
(38⋅19%)

187
(77⋅92%)*

398
(77⋅43%)*

Moderately increased risk group 23674
(27⋅81%)

9636
(26⋅43%)

12668
(24⋅53%)

178
(10⋅49%)

11
(3⋅31%)

1710
(27⋅35%)

NA 429
(25⋅48%)

477
(25⋅65%)

166
(24⋅20%)

NA NA

High risk group 5248
(6⋅17%)

2209
(6⋅06%)

3186
(6⋅17%)

20
(1⋅18%)

5
(1⋅51%)

607
(9⋅71%)

NA 133
(7⋅90%)

93
(5⋅00%)

106
(15⋅45%)

NA NA

Very high risk group 1881
(2⋅21%)

812
(2⋅23%)

1343
(2⋅60%)

9
(0⋅53%)

2
(0⋅60%)

318
(5⋅09%)

NA 90
(5⋅34%)

46
(2⋅47%)

152
(22⋅16%)

NA NA

Data are n, %, n (%), mean (SD), or median (IQR). Data are presented as mean (SD) or median (IQR) for continuous variables, or n (%) for categorical variables. ACR=albumin-to-creatinine ratio. AHES=Australian Eye and Heart Study. CNDCS=China National
Diabetic Chronic Complications Study. CUHK-STDR=Chinese University of Hong Kong-Sight-Threatening Diabetic Retinopathy. DKD=diabetic kidney disease. ECHM=Eastern China Health Management. eGFR=estimated glomerular filtration rate.
HbA1c=glycated haemoglobin. MeLODY=Multiethnic Lifestyle, Obesity, and Diabetes Registry in Malaysia. NA=not available. NDSP=Nicheng Diabetes Screening Project. NICOLA=Northern Ireland Cohort for the Longitudinal Study of Ageing. PUDM=Peking
Union DiabetesManagement. SEED=Singapore Epidemiology of Eye Diseases study. UKB=UK Biobank. *DKDwas diagnosed by a decreased eGFR of less than 60mL/min-1 per 1⋅73m2 in CUHK-STDR, NICOLA, and AHES cohorts because ACR is not available for
these participants.

Table: Characteristics of the datasets used in the development and validation of detecting DKD
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A

B
Step 2: Retrospective multi-ethnic evaluations

186 984 participants
AUCs: 0·791–0·842

 SEED   

4 cohorts in
mainland ChinaInternal dataset  

External
validation sets  

511 participants
AUCs: 0·733–0·906

UK Biobank

MeLODY

WHKDS
Internal
dataset

External
validation sets

UK Biobank
NICOLA

MeLODY 

AHES   

1 cohort in
Hong Kong

(CUHK-STDR)

Task 1: DKD detection
Task 2: Distinguish

isolated DN from NDKD 
Patients with diabetes

Patients
with DKD 

Patients
without DKD 

Patients with
isolated DN 

Patients with
 NDKD

DeepDKD system

ACR
test

Renal biopsy

Fundus images

 Label

 Label

Step 1: Development of DeepDKD system

Prospective real-world study in primary care without ACR tests

C
Step 3: Proof-of-concept clinical studies

4·6-year DKD cohort with therapies for isolated DN

Primary care

Non-DKD

Input

DeepDKD model

Input

Metadata model

Complete ACR test

3 months

DKD
Predicted label

DeepDKD Metadata

Non-DKD DKD
Predicted label

H

47·58% 52·42%

10·20% 89·80%

38·77% 61·23%

33·67% 66·33%
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Metadata model

Patients
with DKD

DeepDKD-
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Evaluate the
kidney function

eGFR test

Proportion of eGFR decline
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Metadata-NDKD

Metadata-isolated DN

Input

Input
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eGFR
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Model architecture

Encoder Encoder

Contrastive loss

Weakly-labelled loss

Fundus images

Pretrain DKD classifier DN classifier

Feature extractor Feature extractor
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Articles
fromaprimary care centre inShanghai, China (withoutACR
tests) to evaluate the effectiveness of integrating DeepDKD
into the routine clinical practice for screening and detecting
DKD. The sensitivity and specificity of the metadata model,
DeepDKD system, and combined model were compared
using the high-sensitivity operating points (preset at 95%)
selected from the internal validation dataset. Second, we
conducted an analysis of retinal fundus images and clinical
metadata in a community-based cohort with longitudinal
data to demonstrate the effectiveness of DeepDKD in
distinguishing isolated diabetic nephropathy from NDKD.
We aimed to compare the proportion of eGFR decline
between the isolated diabetic nephropathy group and
NDKD group identified by the metadata model, DeepDKD
system, and combined model, to assess the discriminative
ability of these three models. Details of the methodology of
these two clinical studies are in the appendix (pp 11–12).

Statistical analysis
We developed three different AI models for detecting DKD
and differentiating isolated diabetic nephropathy from
NDKD: DeepDKD system, metadata model, and combined
model. The performance of the three models was evaluated
in the validation datasets using the AUC generated by
plotting sensitivity versus 1–specificity. We originally
measured sensitivity and specificity at an optimal threshold
balancing the two measures and calculated positive
predictive value and negative predictive value for all the
validation datasets. For analysis of the model performance
using different operating points, we selected a high-sensi-
tivity operating point (preset at 95%), a high-specificity point
(preset at 95%), and a balanced operating point (based on
maximising Youden’s index) from the internal validation
dataset. Cluster-bootstrap, biased-corrected, asymptotic
two-sided 95% CIs adjusted for clustering by patients were
calculated and presented for sensitivities, specificities, and
AUCs. All hypotheses tested were two-sided, and a p of less
than 0⋅05 was considered statistically significant. Analyses
were performed using SPSS (version 25.0) and Python
(version 3.8.16).

Role of the funding source
The funders of the study had no role in study design, data
collection, data analysis, data interpretation, or writing of
the report.
Figure 1: Overall study design of the development and validation of the DeepDKD
(A) Step 1: study design of the development of the DeepDKD system. There are two t
patients with diabetes. The second task is to differentiate isolated DNNDKD among pat
validation datasets. For detecting DKD, ten external validation datasets from multiple
countries were included. (C) Step 3: two proof-of-concept clinical studies of the DeepDK
system and that of themetadatamodel, in primary care settingwithout ACR tests. In th
model in differentiating isolatedDN fromNDKD. (D)Model architecture of theDeepDKD
transferable visual representations from retinal fundus images. Then, the systemwas tr
DKD-very high risk group) and distinguish isolated DN fromNDKD, using retinal fundus
represent distinct network layers, where varying shades of blue indicate weight differe
receiver operating characteristic curve. CUHK-STDR=Chinese University of Hong Kong
glomerular filtration rate. MeLODY=Multiethnic Lifestyle, Obesity, and Diabetes Regist
Ageing. SEED=Singapore Epidemiology of Eye Diseases study. WHKDS=Wuhan Kidney

www.thelancet.com/digital-health Vol 7 May 2025
Results
We conducted a three-part population-based study
(figure1). The characteristics of participants included in this
study are summarised in the table and appendix (pp 15–16).
We evaluated the performance of the DeepDKD system,

metadata model, and combined model in detecting the pres-
ence of DKD. In the internal validation dataset, the metadata
model achieved an AUC of 0⋅680 (95% CI 0⋅674–0⋅685); the
DeepDKD system achieved an AUC of 0⋅842 (0⋅838–0⋅846),
which was superior to the metadata model (p<0⋅0001); and
the combinedmodel achieved anAUCof 0⋅847 (0⋅843–0⋅851;
figure 2; appendix pp 21–24). The performance of the com-
bined model was only slightly better than that of DeepDKD
(p<0⋅0001), demonstrating the accurate detection perform-
ance of DeepDKD. On the ten external validation datasets,
the AUCs were 0⋅573–0⋅721 for the metadata model,
0⋅791–0⋅826 for the DeepDKD system, and 0⋅767–0⋅838 for
the combined model. Moreover, DeepDKD could accurately
stratify participants with DKD into three stages (moderately
increased risk group or worse [AUCs 0⋅791–0⋅842], high risk
group or worse [AUCs 0⋅792–0⋅906], or very high risk
group [AUCs 0⋅573–0⋅967]) across the internal and external
validation datasets.
Furthermore, DeepDKD showed comparable perform-

ance of DKD detection in different subgroups of partic-
ipants stratifiedbydiabetic retinopathy status andglycaemic
control (appendix pp 27–28). We also compared the
performance of the DeepDKD system and urine dipstick
protein test in DKD screening (appendix p 29). Among two
external validation datasets (NDSP and PUDM), the sensi-
tivity of DeepDKD (77⋅8% in both datasets) was substan-
tially higher than that of the urine dipstick protein test
(19⋅8% vs 0%).
For real-world clinical applications, the operating point

could be set to confidently differentiate healthy controls
from DKD cases, to reduce missed DKD cases. Perform-
ance metrics for DKD detection using the DeepDKD
system, metadata model, and combined model were deter-
minedby thehigh-sensitivity operating points selected from
the internal validation dataset (appendix pp 30–31). For
external validation datasets, the DeepDKD system achieved
sensitivities from 79⋅3% to 98⋅8%, and maintained specif-
icities ranging from 31⋅7% to 66⋅6%. The combined model
also achieved sensitivities from 81⋅9% to 98⋅8% and
specificities from 28⋅6% to 64⋅1%. The metadata model
system
asks of the DeepDKD system, using retinal fundus images as inputs. The first task is to detect and stage DKD among
ients with DKD. (B) Step 2: retrospective multi-ethnic evaluations of the DeepDKD system in the internal and external
countries were included. For differentiating isolated DN from NDKD, three external validation datasets from three
D system. In the first real-world prospective study, we aimed to compare the DKD screening accuracy of the DeepDKD
e second longitudinal study, we aimed to compare the effectiveness of the DeepDKD system and that of themetadata
system. TheDeepDKD systemwasfirst pretrained usingweakly supervisedmomentumcontrastive learning to extract
ained to detect DKD (four categories: Non-DKD group, DKD-moderately increased risk group, DKD-high risk group, or
images only as inputs. The two fundus images shown are examples of inputs to the DeepDKD system. The blue cells
nces across each layer. ACR=albumin-to-creatinine ratio. AHES=Australian Eye and Heart Study. AUC=area under the
-Sight-Threatening Diabetic Retinopathy. DKD=diabetic kidney disease. DN=diabetic nephropathy. eGFR=estimated
ry in Malaysia. NDKD=non-diabetic kidney disease. NICOLA=Northern Ireland Cohort for the Longitudinal Study of
Disease Screening.
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A
DeepDKD system: AUC 0·842
(95% CI 0·838–0·846)
Metadata model: AUC 0·680
(95% CI 0·674–0·685)
Combined model: AUC 0·847
(95% CI 0·843–0·851)

NDSP: AUC 0·806 (95% CI 0·774–0·834)
PUDM: AUC 0·792 (95% CI 0·659–0·898)
ECHM: AUC 0·815 (95% CI 0·804–0·826)
CUHK–STDR: AUC 0·813 (95% CI 0·773–0·852)
SEED: AUC 0·801 (95% CI 0·779–0·821)
UKB: AUC 0·791 (95% CI 0·767–0·813)
MeLODY: AUC 0·806 (95% CI 0·776–0·839)
NICOLA: AUC 0·797 (95% CI 0·725–0·863)
AHES: AUC 0·799 (95% CI 0·749–0·840)

High-sensitivity operating point

CNDCS: AUC 0·826 (95% CI 0·822–0·829)

B

Internal: diabetic retinopathy AUC=0·860
(95% CI 0·849–0·870)
Internal: non-diabetic retinopathy AUC=0·842
(95% CI 0·838–0·847)
External: diabetic retinopathy AUC=0·836
(95% CI 0·828–0·843)
External: non-diabetic retinopathy AUC=0·812
(95% CI 0·808–0·815)
Internal: HbA1c ≥7·0% AUC=0·846
(95% CI 0·841–0·852)
Internal: HbA1c <7·0% AUC=0·845
(95% CI 0·838–0·851)
External: HbA1c ≥7·0% AUC=0·809
(95% CI 0·804–0·813)
External: HbA1c <7·0% AUC=0·822
(95% CI 0·817–0·827)

C

0·2 0·4 0·6 0·8 1·00

1–specificity

0·80·4 0·60·2 1·00

1–specificity
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Figure 2: Receiver operating characteristic curve and AUC of the DeepDKD system for detecting diabetic kidney disease in the internal validation dataset, external validation datasets, and different
subgroups
(A) Performance of the DeepDKD system, metadata model, and combined model in the internal validation dataset. (B) Performance of the DeepDKD system in the external validation datasets. Notably,
the performance of the DeepDKD system in the external validation datasets using the high-sensitivity operating point selected from the internal validation dataset is shown. (C) Performance of the DeepDKD
system indifferent subgroups in the internal and external validation datasets. Two subgroup analyses were conducted: (1) participantswith different statuses of retinopathy (participantswith diabetic retinopathy
vs those without diabetic retinopathy), and (2) participants with different statuses of glycaemic control (participants with HbA1c <7% vs participants with HbA1c ≥7%). AHES=Australian Eye and Heart Study.
AUC=area under the receiver operating characteristic curve. CNDCS=China National Diabetic Chronic Complications Study. CUHK-STDR=The Chinese University of Hong Kong-Sight-Threatening Diabetic
Retinopathy. ECHM=The Eastern China Health Management. HbA1c=glycated haemoglobin. MeLODY=The Multiethnic Lifestyle, Obesity, and Diabetes Registry in Malaysia. NDSP=Nicheng Diabetes Screening
Project. NICOLA=The Northern Ireland Cohort for the Longitudinal Study of Ageing. PUDM=Peking Union Diabetes Management. SEED=The Singapore Epidemiology of Eye Diseases study. UKB=UK Biobank.
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achieved sensitives from 77⋅6% to 98⋅3%, but specificities
only ranged from 4⋅2% to 31⋅5%.
We also developed the DeepDKD system, metadata

model, and combined model for differentiating isolated
diabeticnephropathy fromNDKD. In the internal validation
dataset, the DeepDKD system achieved an AUC of 0⋅906
(95% CI 0⋅825–0⋅966), which was significantly higher than
that of the metadata model (0⋅772 [0⋅656–0⋅868], p=0⋅029)
and comparable to that of the combined model (0⋅949
[0⋅895–0⋅988], p=0.23; figure 3; appendix p 32). In three
external multi-ethnic cohorts (WHKDS, MeLODY, and
UKB), the AUCs of the metadata model were 0⋅633–0⋅718,
the DeepDKD systemwere 0⋅733–0⋅844, and the combined
model were 0⋅767–0⋅852. Furthermore, DeepDKD could
accurately differentiate isolated diabetic nephropathy from
DKD in different subgroups of participants stratified by
diabetic retinopathy status, proteinuria, and haematuria
(appendix pp 34–36). Performance metrics for differ-
entiating isolated diabetic nephropathy from NDKD
using the DeepDKD system were also determined by the
operating points selected from the internal validation
dataset (appendix p 37). To identify NDKD from isolated
diabetic nephropathy with high confidence, we used a
high-sensitivity operating point. For external validation
datasets, we achieved sensitivities from 80⋅0% to
98⋅4%. To identify isolated diabetic nephropathy with
high confidence, we used a high-specificity operating
point. For external validation datasets, we achieved
specificities from 80⋅0% to 100⋅0%.
To better understand howDeepDKD could detect DKDor

isolated diabetic nephropathy using retinal fundus images,
we conducted explainability analyses using the Grad-CAM
method to provide insights into the regions that could
influence the predictions of DeepDKD. Several
www.thelancet.com/digital-health Vol 7 May 2025
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DeepDKD system: AUC 0·906
(95% CI 0·825–0·966)
Metadata model: AUC 0·772
(95% CI 0·656–0·868)
Combined model: AUC 0·949
(95% CI 0·895–0·988)
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(95% CI 0·773–0·940)
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(95% CI 0·852–0·948)
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(95% CI 0·836–0·936)
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(95% CI 0·774–0·958)
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Figure 3:Receiver operating characteristic curve andAUCof theDeepDKD system fordifferentiating isolated diabetic nephropathy andnon-diabetic kidney disease in the internal validationdataset,
external validation datasets, and different subgroups
(A) Performance of the DeepDKD system, metadata model, and combined model in the internal validation dataset. (B) Performance of the DeepDKD system in the external validation datasets. Notably,
the performance of the DeepDKD system in the external validation datasets using the high-sensitivity and high-specificity operating points selected from the internal validation dataset are shown.
(C) Performance of theDeepDKD system in different subgroups in the internal and external validation datasets. Three subgroup analyseswere conducted: (1) participantswith different statuses of retinopathy
(participants with diabetic retinopathy vs those without diabetic retinopathy), (2) participants with different statuses of proteinuria (participants with proteinuria vs those without proteinuria), and
(3) participants with different statuses of haematuria (participants with haematuria vs those without haematuria). AUC=area under the receiver operating characteristic curve. MeLODY=The Multiethnic
Lifestyle, Obesity, and Diabetes Registry in Malaysia. UKB=UK Biobank. WHKDS=Wuhan Kidney Disease Screening.
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representative examples of original retinal fundus images
and corresponding saliency maps are in the appendix (pp
44–45). Corresponding kidney biopsy images are also in
the appendix (p 45). The results of explainability analyses
indicated that our DeepDKD system detected DKD or iso-
lated diabetic nephropathy based on changes related to the
dilatation of venules, rarefaction of vessels, and diabetic
retinopathy changes.
In the first real-world prospective study (figure 4), among

325 patients with eGFR of 60 mL/min per 1⋅73m2 or more
and negative urine dipstick protein at baseline, 98 patients
could be diagnosed with DKD, supported by elevated ACR
in further examinations. Using the high-sensitivity operat-
ing point selected from the internal validation dataset, the
DeepDKD system could achieve both higher sensitivity
(89⋅8% vs 66⋅3%, p<0⋅0001) and higher specificity
(47⋅6% vs 38⋅8%, p=0⋅072) compared with the metadata
model (appendix p 38). The sensitivity (86⋅7%) and specifi-
city (50⋅7%) of the combinedmodel were comparable to the
DeepDKD system (sensitivity p=0⋅65 and specificity
p=0⋅48). Furthermore, the DeepDKD system showed com-
parable performance of DKD detection in different
www.thelancet.com/digital-health Vol 7 May 2025
subgroups of participants stratified by diabetic retinopathy
status and glycaemic control (appendix p 39).
In the second longitudinal study (figure 5), there was a

significant difference (p=0⋅0010) in the proportion of eGFR
decline between participants of isolated diabetic nephrop-
athy (27⋅45%)and thoseofNDKD(52⋅56%) identifiedby the
DeepDKD system (appendix p 40). Similarly, there was a
significant difference (p=0⋅0084) in the proportion of eGFR
decline between participants of isolated diabetic nephrop-
athy (35⋅71%)and thoseofNDKD(51⋅82%) identifiedby the
combinedmodel. However, the proportion of eGFRdecline
between participants of isolated diabetic nephropathy
(41⋅46%) and those of NDKD (47⋅59%) identified by the
metadata model was similar (p=0⋅20). These results sug-
gested that some individuals with NDKD were mis-
diagnosed as isolated diabetic nephropathy in clinical
practice using the metadata model.

Discussion
Improving the accessibility and ease of routine screening of
DKD addresses a major public health need in diabetes
management. In some clinical scenarios, differentiating
9



Baseline risk assessments of DKD

Give recommendation for urine ACR tests by PCPs
Collect fundus images and clinical metadata

502 participants with eGFR ≥60 mL/min per
  1·73 m2 and negative urine dipstick protein

628 participants with type 2 diabetes screened
  in January, 2023

DeepDKD system Metadata model Combined model

DeepDKD system Metadata model Combined model

Non-DKD DKD

Predicted label

47·58% 52·42%

10·20% 89·80%

Non-DKD DKD

Predicted label

38·77% 61·23%

33·67% 66·33%

Non-DKD DKD

Predicted label

50·66% 49·34%

13·27% 86·73%DKD

Non-
DKD

Tr
ue

 la
be

l

B

A

325  participants completed the ACR test in
  3 months (98 with abnormal ACR)

Figure 4: Real-world prospective study on screening DKD among patients with type 2 diabetes, in a primary care
setting without ACR tests
(A) Flowchart of the real-world prospective study. (B) Comparison of the screening accuracy of the DeepDKD system,
metadata model, and combined model on screening diabetic kidney disease, using the high-sensitivity operating
points selected from the internal validation dataset. ACR=albumin-to-creatine ratio. DKD=diabetic kidney disease.
eGFR=estimated glomerular filtration rate. PCP=primary care physician.
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isolated diabetic nephropathy from NDKD, currently
performed via kidney biopsy, is a major challenge among
endocrinologists and nephrologists in managing DKD. In
this study,wedeveloped, validated and tested a single retinal
fundus image-based AI-deep learning system (DeepDKD)
for detectingDKD; and among peoplewithDKD, accurately
differentiating isolated diabetic nephropathy from NDKD
(appendix p 46). We demonstrated that DeepDKD could be
integrated into routine clinical workflow in the primary care
setting, supporting its use for DKD screening. We also
demonstrated that among people with DKD, DeepDKD
could accurately differentiate isolated diabetic nephropathy
from NDKD, allowing the possibility of personalised man-
agement of DKD, as diabetic nephropathy and NDKD have
different therapeutic options. This added capability of
DeepDKD might serve as an adjunctive tool to assist endo-
crinologists and nephrologists in more precise clinical
decision making.
To the best of our knowledge, this study is thefirst work to
establish an AI-deep learning system for DKD detection
based on retinal fundus images alone. Previous work
focused on developing AI-deep learning algorithms to
detect moderate or advanced generalised kidney damage
(ie, CKD) among people in the general community.20,21

Although conceptually useful, screening for general
CKD in community settings is currently not widely
accepted, nor shown to be cost-effective.26 Our current
study is more specifically targeted at screening for DKD
among patients with diabetes, which is universally rec-
ommended in clinical guidelines, because early detection
of DKD facilitates timely intervention to prevent kidney
disease progression.27 DKD screening using blood or
urine tests is often infrequently conducted (eg, studies
suggest that only 32⋅2–38⋅7% of individuals with diabetes
have routine DKD screening28,29), resulting in missed
diagnosis and delayed intervention.8,30 The low screening
coverage is partly due to the lack of awareness by physi-
cians and people with diabetes, and insufficient financial
resources to conduct and analyse blood or urine tests,
particularly in primary care and resource-limited com-
munity settings. Because digital retinal fundus photog-
raphy for routine diabetic retinopathy screening is
recommended,31 DeepDKD could be integrated into rou-
tine diabetic retinopathy screening to conduct cost-effective
DKD screening without additional examinations. Further-
more, there are already several deep learning algorithms to
detect diabetic retinopathy from retinal images.17,18 The
development of a single deep learning algorithm to detect
both diabetic retinopathy and DKD is a promising future
research direction, to facilitate the screening of multiple
diabetes complications using retinal images.
Our study addresses a major public health problem in

currentDKDscreening. Currently, instead ofmeasurement
of eGFR and ACR, the simpler urine dipstick protein tests
are often used to assess albuminuria in primary care and
low-resource settings because of lower costs, simplicity, and
fast results.32,33However, the low sensitivity of urine dipstick
protein tests has been a major hurdle and might lead to
missed diagnoses. Our DeepDKD system shows robust
screening performance across multiple datasets, demon-
strating that it could serve as a simpler, non-invasive tool to
detect early stages of DKD for further confirmation by
urine or blood tests. Retinal imaging can be performed
by minimally trained health-care workers and integrated
into a simpler comprehensive model of eye and kidney
screening among people with diabetes.34 Furthermore,
we demonstrated that the sensitivity of DeepDKD was
substantially higher than that of the urine dipstick pro-
tein test. Moreover, in our proof-of-concept prospective
real-world study, we showed that DeepDKD could
accurately identify DKD patients among participants with
eGFR of 60 mL/min per 1⋅73 m2 or more and a negative
urine dipstick protein. As a result, the integration of
DeepDKD into clinical workflows of DKD screening
could not only improve the screening sensitivity but also
www.thelancet.com/digital-health Vol 7 May 2025
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Figure 5: Longitudinal study on differentiating isolated diabetic nephropathy from NDKD among patients with DKD
(A) Flowchart of the longitudinal study. (B) Comparison of the proportion of estimated glomerular filtration rate decline between isolated diabetic nephropathy group and
NDKD group identified by the DeepDKD system, metadata model, or combined model. We used logistic regression models to compare the proportion of eGFR decline
between different groups, adjusting for baseline age, sex, BMI, duration of diabetes, systolic blood pressure, diastolic blood pressure, and glycated haemoglobin. 2hPG=2-h
post-load plasma glucose. ACR=albumin-to-creatine ratio. DKD=diabetic kidney disease. eGFR=estimated glomerular filtration rate. FPG=fasting plasma glucose.
HbA1c=glycated haemoglobin. NDKD=non-diabetic kidney disease.
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provide a fast point-of-care screening method for primary
care or low-resource regions with limited laboratory
resources.
www.thelancet.com/digital-health Vol 7 May 2025
Our study addresses a second clinical gap. Among
patients with DKD, those suspected of NDKD are some-
times recommended to undergo invasive kidney biopsies35
11
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given the different treatment approaches for isolated dia-
betic nephropathy and NDKD. Our deep learning system
could differentiate isolated diabetic nephropathy from
NDKD based solely on non-invasive retinal images with
high accuracy, thus improving the ease and possibility of
future clinical adoption. Notably, DeepDKDmaintained its
discriminative capability among different subgroups
stratified by diabetic retinopathy status, proteinuria, and
haematuria. It is well known that diabetic nephropathy and
diabetic retinopathy are closely correlated, and diabetic ret-
inopathy is often used in clinical practice to differentiate
isolated diabetic nephropathy from NDKD.36 However,
some patients with isolated diabetic nephropathy are with-
out diabetic retinopathy. For these patients, DeepDKD
could also be utilised to differentiate isolated diabetic
nephropathy from NDKD accurately, using retinal images
alone. In the longitudinal study,we showed that participants
who were identified as isolated diabetic nephropathy by
the DeepDKD system had a better kidney function
prognosis than participants identified by the metadata
model, indicating that some participants with NDKD were
misdiagnosed as isolated diabetic nephropathy in clinical
practiceusing themetadatamodel. Thesefindingshighlight
the potential benefit of integrating DeepDKD within the
clinical workflow to assist physicians in differentiating iso-
lated diabetic nephropathy from NDKD for improved risk
stratification and tailored management.
Our study had some limitations. First, the DeepDKD

system was trained in a Chinese population followed by
validation in multi-ethnic cohorts from Singapore, Malay-
sia, Australia, and the UK. Further testing in more diverse
multi-ethnic populations could further demonstrate its
generalisability and robustness. Second, some potential
biases cannot be eliminated in the present retrospective
study such as data distribution, selection bias, andunknown
confounders. Third, the performance of DeepDKD showed
variations across the validation datasets. The variation in
imaging quality and characteristics between different types
of fundus cameras could influence the performance. Fur-
ther studies are needed to evaluate the generalisability and
interoperability of DeepDKD across different types of fun-
dus cameras. Fourth, although two proof-of-concept clinical
studies were conducted to evaluate the effectiveness of
DeepDKD, further randomised controlled trials are needed
to evaluate the impact of real-time system integration in
routine workflow on patient outcomes.
In conclusion, we established a single, non-invasive ret-

inal image-based DeepDKD system which could improve
access toDKDscreening, prioritisingpatientswhowill need
confirmatory laboratory tests in low-resource primary care
settings. The ability of DeepDKD to differentiate isolated
diabetic nephropathy from NDKD can also be used as an
ancillary tool to minimise the need for invasive kidney
biopsy. With the increasing availability of digital retinal
fundus photography, and the future development of
potentially even cheaper mobile phone-based fundus cam-
eras, DeepDKD could be adopted as a relatively simple, real-
time tool for screeningof both eye andkidney complications
in people with diabetes in primary care settings. DeepDKD
also has promising applications in the clinical workflow
differentiating isolated diabetic nephropathy from NDKD
in more specialised care settings to assist specialists in
enabling more precise and personalised diagnostic and
therapeutic clinical decision making.
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