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Precision phenotyping of type 2 diabetes in
chinese populations using a variational
autoencoder-informed tree model

Tong Yue1,2,12, Wenhao Zhang1,2,12, Yu Ding 1,2,12, Xueying Zheng1,2, Yunjie Ma3,
Juliana C. N. Chan 4, Eric S. H. Lau 4, Juliana N. M. Lui4, Guoxi Jin5, Wen Xu6,
Yan Bi7, ZuochengWang3, ShengNie8,MengchunGong 9, EwanR. Pearson 10,
Sihui Luo 1,2 & Jianping Weng 1,2,11

Type 2 diabetes (T2D) exhibits clinical heterogeneity, yet most existing clas-
sification models are derived from European populations and face challenges
in clinical application.Here,we evaluate thegeneralizability of a tree-like graph
structure from Scottish data to 32,501 newly diagnosed T2D patients from a
multi-center Chinese cohort comprising over 8.6 million individuals. We
observe similar distribution between the Scottish and Chinese individuals in
heart and kidney outcomes, but diabetic retinopathy varies across ancestries
even within similar phenotypes. To capture T2D Chinese-specific hetero-
geneity, we apply a variational autoencoder (VAE) framework to identify key
clinical features and construct a tree structure using the Discriminative
Dimensionality Reduction Tree (DDRTree) algorithm. This Chinese treemodel
is validated in two independent external cohorts and revealed longitudinal
phenotypic shifts trending toward higher-risk branches. Our findings empha-
size the need for population-specific classification frameworks to advance
precision diabetology through individualized risk prediction and specialized
treatment guidelines.

Type 2 diabetes (T2D) is a highly heterogeneous disease1. The current
classification of diabetes proposed by the World Health Organization,
based on hyperglycemia, pancreatic autoimmune antibodies and lim-
ited clinical manifestations, roughly classifies diabetes intomain types
as type 1 diabetes, T2D, et cetera2. For T2D, such classification does not

capture the differences observed in clinical manifestations, clinical
course and the impact of ethnicity3,4.

Many efforts have been made to re-classify T2D5. Ahlqvist et al.
and several studies classify T2D into subgroups using a k-means clus-
tering method with clinically accessible variables at diagnosis and
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demonstrate that these subgroups are associated with varied risks of
complications and responses to antidiabetic regimens6,7. However, the
studies replicating such a clustering method in different populations
often yielded different subgroups, suggesting that racial disparities
should be considered when re-classifying T2D8,9. Also, most of these
studies have adopted insulin or C-peptide at diagnosis as clustering
variables, which has limited the clinical use of such models as these

variables are not always available in primary care settings and often
need standardization of their test methods.

More importantly, forcing discrete subtypes may overlook the
continuous nature of disease heterogeneity, limiting predictive utility,
especially for drug response10. To address this, a recent study has
demonstrated that the heterogeneity in T2D can be represented by a
tree-like graph structure by using reversed graph-embedded
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dimensionality reduction of nine simple clinical variables—glycated
hemoglobin (HbA1c), body mass index (BMI), total cholesterol (TC),
high-density lipoprotein cholesterol (HDL-C), alanine aminotransfer-
ase (ALT), creatinine (Cr), systolic blood pressure (SBP), triglycerides,
and diastolic blood pressure (DBP)—with position on the tree pre-
dicting the long-term probability of incident diabetic complications11.
This “Scottish Tree” model enables each individual with T2D to be
projected onto a low-dimensional tree-shapedmanifold, in which their
position correlates with long-term risk of multiple diabetes-related
complications including microvascular and macrovascular diseases. A
follow-on study mapped deeply phenotyped patients with T2D from
the German Diabetes Study (GDS) and the LUdwigshafen RIsk and
Cardiovascular Health (LURIC) cohort onto the Scottish tree12. This
study demonstrates the pathophysiological foundations of the model,
such as insulin resistance and β-cell function that vary across the tree,
andoffersmore granular outcomes, including liver fat andheart failure
(HF)12. Compared with rigid subtypes, the tree structure offers a con-
tinuous, individualized approach that may better capture disease
biology and therapeutic needs. This flexible framework has also been
applied to type 1 diabetes and prediabetes, where it enables the deli-
neation of heterogeneous disease trajectories and informs the design
of early interventions tailored to specific risk patterns13,14.

However, the selection of features used to construct the tree in
these studies was based solely on nine clinically observable variables
related to T2D presentation, and it remains unclear whether these
features are the most informative or generalizable for capturing dis-
ease heterogeneity, particularly in non-European populations. Nota-
bly, Asians tend to develop T2D at a lower BMI, often driven by
reduced β-cell function rather than prominent insulin resistance, and
show a higher propensity for visceral adiposity and ectopic fat accu-
mulation despite lower overall adiposity levels15. To overcome these
limitations, we introduce the Variational Autoencoder (VAE), a deep
generative model that learns probabilistic latent representations from
high-dimensional data by encoding and reconstructing the input
through a non-linear manifold structure, which can also facilitate
dimensionality reduction and feature extraction16. VAE employs a
learned encoder as a feature extractor to generate a latent repre-
sentation that captures intrinsic data characteristics17. While the
learned features are not specifically optimized for downstream pre-
dictive modeling tasks, they can still reveal meaningful patterns and
help identify clinically relevant variables, particularly in complex
datasets. Given the observed disparities in T2D subgroups across dif-
ferent ethnicities, incorporating such deep learning approaches may
uncover population-specific features and phenotypic patterns. This
highlights the need to investigate ancestry-specific characteristics to
gain deeper insights into the underlying drivers of T2D heterogeneity.

In this work, we perform a two-step study in a nationwide elec-
tronic health record (EHR)-based cohort of Chinese patients with
approximately613,594peoplewithT2D. First, wemap theChineseT2D
population to the published Scottish tree-like graph to compare the
gradient of the included variables and distribution diabetic compli-
cations risks. Thenwe construct aChinese population-specific tree-like
graph: using the VAE framework to select variables, map and estimate

the risks and patterns of complications, and validate these findings in
independent external Chinese cohorts.

Results
Baseline characteristics of the cohort
Weevaluated the disease phenotypes and progression patterns of T2D
among Chinese individuals, using the Chinese Renal Disease Data
System (CRDS), a comprehensivemulticenter retrospective database18

as our primary data source to construct our study population (Fig. 1). It
collected inpatient and outpatient data from the electronic medical
record systems of 24 medical centers across China from January 1,
2000, toMay 26, 2024. The data included all the patients whose data is
accessible from the participating centers’medical record systems, not
limited to those who had renal diseases. From the CRDS cohort of
8,632,000 patients, we identified 32,501 individuals who were diag-
nosed with T2D (ICD-10 codes E11) within 12 months of the index day
(Supplementary Fig. 1). To assess T2D heterogeneity, we first mapped
individuals onto the previously established Scottish diabetes tree
based on nine clinical variables (Fig. 1a), and then constructed a
Chinese-specific tree using VAE and machine learning-based feature
selection (Fig. 1b), with internal and external validation confirming its
robustness (Fig. 1c). Among these 32,501 T2D patients, 9816 had
records for one-year follow-up, and 1821 had five-year follow-up data.
We observed a worsening trend in lipid-related phenotypes, which
including HDL-C, triglycerides, and TC, as well as kidney function
markers, such as estimated glomerular filtration rate (eGFR) and Cr,
with increasing follow-up duration (Table 1).

Mapping the Chinese individuals onto the Scottish tree model
The 32,501 individuals were mapped onto the Scottish tree using nine
baseline clinical characteristics (HbA1c, BMI, TC, HDL-C, ALT, Cr, SBP,
triglycerides, and DBP) described by Nair et al. 11. We assessed the
distribution patterns of phenotypes across the tree by regressing each
phenotype against the two tree dimensions: triglycerides had the
greatest influence on tree coordinates, while HbA1c had the weakest
(Supplementary Fig. 2). We allocated the 32,501 individuals to the
Scottish tree using a two-step mapping function: first, predictive
models estimated the X and Y coordinates for eachChinese individual;
second, a distance-based algorithm was applied to calculate the
Euclidean distance between each Chinese individual and all nodes in
the two-dimensional latent space of the Scottish reference tree. As
expected, since the mapping was based on the Scottish reference, the
resulting phenotype distribution among Chinese individuals mirrored
that of the original Scottish tree (Fig. 2a). However, BMI differences
caused substantially fewer Chinese individuals tomap to the right side
of the tree. Other phenotypes were overlaid: Lower C-peptide levels
were in the left-upper part (Fig. 2b), eGFR levels were higher in the
upper-left corner (Fig. 2c), and liver indices (Fig. 2d, e) showed similar
patterns to the GDS mapping12.

We then examined how baseline phenotypic variation translated
into the risk of 13 diabetes-related outcomes, and the definitions of
these clinical outcomes are provided in Supplementary Table 1. These
included cardiovascular events such as ischemic stroke, hemorrhagic

Fig. 1 | An overview of analytic workflow of the study. a We first extracted a
dataset of 32,501 newly diagnosed individuals withT2D fromtheCRDS, a large-scale
electronic health record database comprising over 8.6 million individuals with
detailed demographic, laboratory, diagnostic, and surgery data. To evaluate dis-
ease progression and heterogeneity, we initially performed model adaptation by
mapping each individual to a previously defined “Scottish tree” of diabetes sub-
groups based on 9 clinical variables: HbA1c, BMI, total cholesterol (TC), HDL-C,
alanine aminotransferase (ALT), creatinine (Cr), systolic blood pressure (SBP), tri-
glycerides, and diastolic blood pressure (DBP). b To identify the most informative
clinical features for defining T2D subtypes in the Chinese population, we applied a
Variational Autoencoder (VAE) model feature selection framework. The process

resulted in 10 key variables: HDL-C, triglycerides, SBP, ALT, HbA1c, LDL-C, Cr, heart
rate, DBP, and BMI. These original 10 variables were used for constructing a
Chinese-specific diabetes tree. c The Chinese tree was developed using 80% of the
CRDS T2D cohort as a training set and validated internally in the remaining 20%.
External validation was performed using two independent cohorts: the Joint Asia
Diabetes Evaluation (JADE) registry and the DR cohort. Consistency of phenotypic
and complication profiles across cohorts confirmed the robustness of the Chinese
tree. An interactive web-based tool was also developed for clinical application and
research usev (https://wenglab-t2d-phenotype.shinyapps.io/wenglab-t2d-
phenotype/). (Created in https://BioRender.com).
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stroke, myocardial infarction (MI), and HF, including both HF with
preserved ejection fraction (HFpEF) and reduced ejection fraction
(HFrEF). Renal outcomes included chronic kidney disease (CKD) and
end-stage renal disease (ESRD). Liver-related outcomes comprised
cirrhosis and metabolic dysfunction-associated steatotic liver disease
(MASLD). In addition, we assessed the risk of diabetic retinopathy (DR)
anddiabetic peripheral vascular disease (DPVD). For eachoutcome,we
applied Fine–Gray competing risk models, using death as a competing
event. Ten-year event probabilities were estimated for each individual
based on their coordinates in the two-dimensional tree space. These
predicted risks were then visualized across the Chinese diabetes tree
to explore spatial variation in disease progression (Supplementary
Fig. 3). The probability of cardiovascular outcomes, kidney outcomes
and DPVD resembles those in the Scottish11 and the GDS populations12

(Fig. 3a, b, f–h, Supplementary Fig. 3). Notably, DR risk in the Chinese
population appeared to be significantly different, with higher risk in
the upper-left driven by elevated HDL-C, fibrosis-4 (FIB-4) index, and
Aspartate Aminotransferase to Alanine Aminotransferase Ratios (AST/
ALT ratios), contrasting with the Scottish cohort’s upper-right con-
centration (Fig. 3c). For liver diseases, cirrhosis concentrated on the
left (Fig. 3d), whereas MASLD risk aligned with cardiovascular out-
comes concentrated on the right part of the tree (Fig. 3e). Additionally,
we provide estimates for two types of strokes: Stroke probabilities
were highest in the upper-right branch, associated with elevated
baseline blood pressure and hyperglycemia, hemorrhagic and
ischemic stroke showed similar patterns (Fig. 3g). Interestingly, indi-
viduals in lower branches with higher BMI had an increased risk of
HFrEF, while HFpEF resembled the distribution pattern of stroke
(Fig. 3h). To assess the distribution of event probabilities, we report
the sub-hazard ratios (sHRs) from the competing risk models con-
structed with linear DDRTree dimensions (Supplementary Fig. 3).

Overall, while many features and diabetes outcomes overlap
between Chinese and Scottish populations, differences in baseline
characteristics, suchas BMI, led tomismatched tree distributions. T2D-
related complications, particularly DR, exhibited varying ten-year
incident probabilities. These findings suggest that a tree tailored to
Chinese clinical features would enhance diabetes progression predic-
tion in this population.

Development and performance of the Chinese tree model
We developed a feature selection framework integrating VAE and
machine learning to identify the most relevant features of T2D, fol-
lowed by the construction of the Chinese tree using the DDRTree
algorithm. The VAE model was trained using data from 45,589 indivi-
duals with type 2 diabetes (T2D) and 11,340 healthy individuals (with-
out diabetes). Based on 50 clinical variables (listed in Supplementary
Table 2), dimensionality reduction was performed using the VAE fra-
mework. To identify the optimal hyperparameters that best captured
the underlying structure of the data while maintaining generalizability
to unseen individuals, we evaluated both the reconstruction accuracy
of the input data and the model’s stability across multiple refitting
procedures. The median reconstruction accuracy was 0.8439 on
average, and the final models demonstrated high stability when
retrained five times, with an average change in cosine similarity within
the latent space of 0.015. These results suggest that the VAE models
reliably reconstructed the input features with minimal variability
across training iterations (Supplementary Fig. 4). To evaluate howwell
themodel captured the structure of the clinical data, we examined the
weights connecting the input features to the encoder of the VAE. The
analysis revealed thatmany of the top 15most influential features were
related to cardiovascular, hepatic, renal, and metabolic functions
(Fig. 4a). Similar findings were obtained through an adaptation of
Shapley Additive exPlanations (SHAP) analysis, which assessed the
contribution of each continuous feature to individual positioning
within the latent space. Based on the integrated results of the VAE and
SHAP analyses, we identified the overlap 10 most important features:
HDL-C, triglycerides, SBP, ALT, HbA1c, LDL-C, Cr, heart rate, DBP, and
BMI (Fig. 4a).

To validate the biological and predictive relevance of the ten
features jointly selected by VAE-based weighting and SHAP value
analysis, we applied multiple machine learning classifiers to evaluate
their performance indiscriminating T2D status.Wefirst trained several
models using all input features and identified the Gradient Boosting
Classifier (GBC) as the best-performing model (Supplementary Fig. 5).
To evaluate the discriminative power of the VAE-selected features, we
compared model performance using all available variables versus the
top 5 to 10 ranked variables. TheGradient Boostingmodel achieved an
area-under-curve (AUC) of 0.926 using all features, which remained
comparable (AUC =0.916) when restricted to the 10 variables, with
similarly high Precision-Recall AUC(PR-AUC) and F1 scores (Supple-
mentary Fig. 5). These results suggest that the ten selected features are
sufficient to capture the key characteristics of T2D in our cohort.
Among the tree’s underlying variables, triglycerides had the greatest
influence on the tree coordinates, followed by DBP, ALT, HDL-C, LDL-
C, Cr, heart rate, BMI, and SBP, HbA1c showed the smallest effect size
(Fig. 4b). Then we divided the cohort of 32,501 individuals into an 80%
training set (26,000 individuals) for constructing a “Chinese Tree”
based on the top ten selected variables and a 20% validation set (6501
individuals). In the Chinese Tree, individuals located in the upper-left
corner exhibited highHDL-C and LDL-C levels, lowBMI, andALT levels.
Those in the lower-left corner were characterized by higher obesity,
with elevated SBP and DBP, while individuals in the lower-right corner
showedhigher triglycerides andCr levels (Fig. 4c). For C-peptide levels
(Fig. 4d), the lowest values were observed in the top right of the tree,
whereas kidney function marker eGFR (Fig. 4e), the AST/ALT ratio

Table 1 | Characteristics of the newly diagnosed T2D patients
from CRDS database

Overall
(n = 32,501)

1-year follow-
up (n = 9816)

5-year follow-
up (n = 1821)

Male 20,235 (62.3) 6076 (61.9) 1093 (60.0)

Female 12,266 (37.7) 3740 (38.1) 728 (40.0)

Age, years 56.61 (13.36) 59.08 (13.51) 62.71 (13.15)

HDL-C, mmol/L 1.06 (0.34) 1.13 (0.36) 1.13 (0.35)

LDL-C, mmol/L 2.86 (1.10) 2.92 (1.16) 2.91 (1.11)

TC, mmol/L 4.82 (1.59) 4.73 (1.48) 5.01 (1.61)

triglycerides,
mmol/L

1.61 [1.13, 2.41] 1.53 [1.04, 2.33] 1.59 [1.13, 2.35]

HbA1c, % 8.86 (2.81) 7.57 (2.20) 8.73 (2.75)

BMI, Kg/m2 24.64 (3.94) 24.47 (3.91) 24.43 (4.00)

SBP, mmHg 132.50 (20.67) 133.49 (21.36) 133.70 (21.14)

DBP, mmHg 81.25 (12.96) 79.98 (13.14) 80.86 (12.69)

ALT, IU/L 23.00
[15.10, 38.00]

20.80
[14.00, 31.00]

23.00
[16.00, 36.00]

AST, IU/L 21.50
[16.80, 31.00]

21.00
[17.00, 28.00]

22.00
[17.00, 30.00]

AST/ALT ratio 0.94 [0.71, 1.27] 1.01 [0 75, 1.41] 1.06 [0.80, 1.43]

FIB-4 1.21 [0.82, 1.88] 1.31 [0 90 1 99] 1.37 [0.94, 2.06]

eGFR†, ml/
min/1.73m2

101.88[80.17,
125.83]

94.94[74.47,
118.88]

92.97[74.61,
116.84]

Cr, μmol/L 67.00
[55.00, 83.00]

74.00
[59.00, 95.00]

79.00
[63.00, 100.00]

HR, bpm 82.62 (14.20) 82.82 (14.38) 82.47 (14.40)

Data are presented as n (%), mean (SD), or median [IQR].
†eGFR was calculated from serum creatinine using the Chronic Kidney Disease Epidemiology
Collaboration (CKD-EPI) equation.
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(Fig. 4f), and liver fibrosis assessed by the FIB-4 index (Fig. 4g) showed
the highest values in the same region.

We defined the branches of the Chinese diabetes tree based on
the spatial coordinates within the tree. The distribution of MASLD,
CKD, and ESRD were comparable, with elevated probabilities con-
centrated in branch 5 (Fig. 5a, b, e). When looking at the complications
in the Chinese tree, the highest risk of DR was observed in branch 1,
primarily driven by elevated HDL-C levels and increased AST/ALT ratio
(Fig. 5c). Cirrhosis cases were more concentrated in branches 3 and 4,
accompanied by lower baseline C-peptide and higher HDL-C (Fig. 5d).
The probability of cardiovascular outcomes, including MI and HF, was
elevated in branches 4 and 5, especially among individuals with obe-
sity, high blood pressure, and reduced eGFR (Fig. 5f, h). Notably,
individuals in branches 4 to 6, characterized by the highest BMI,
exhibited an increased risk of HFrEF, mirroring the distribution of MI,
while the pattern of HFpEF resembled stroke, with elevated SBP and
DBP predominantly in branches 1, 5, and 6 (Fig. 5h). Stroke incidence
was higher in branches 1, 5, and 6, which featured the highest baseline

SBP, DBP and hyperglycemia; both hemorrhagic and ischemic stroke
displayed similar patterns (Fig. 5g). Individuals in branches 1, 5, and 6
also exhibited a higher risk of DPVD, paralleling the stroke distribution
(Supplementary Fig. 6). The sHRs estimated from competing risk
models constructed using linear DDRTree dimensions further quanti-
fied these associations, as detailed in Supplementary Fig. 6.

Validation of the Chinese tree
To test the model’s validity, we developed a mapping function to
project the 20% validation set, and two external cohorts, separately,
onto this Chinese tree using age at diagnosis, sex, and the ten clinical
features selected in model development (Supplementary Fig. 7). The
results from the 20% validation set, as the internal validation showed
consistency with the training set in both phenotype and complication
risk estimation, as well as the regression test (Supplementary Fig. 8).

The JADE cohort was extracted from the Joint Asia Diabetes Eva-
luation (JADE)19,20 program,whichoriginated inHongKong SAR, China,
where the healthcare system is substantially different from that of the
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Fig. 2 | Visualization of Clinical Characteristics Data of the Chinese Population
with Type 2 diabetes on the Scottish Tree. aMapping nine phenotypic variables
adjusted for age and sex onto the Scottish tree structure (n = 32,501). The gray color
represents the original tree derived from the Scottish cohort (reference), while
magenta indicates higher values and green indicates lower values of the

phenotypes from theCRDSdataset.b FastingC-peptide and serumC-peptide levels
used to evaluate insulin secretion function (fasting C-peptide, n = 2510; serum C-
peptide, n = 3285). c eGFR at baseline (n = 32,501). d AST/ALT ratio marker for
steatotic liver disease (n = 32,501). e FIB-4 marker for liver fibrosis (n = 32,501).
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CRDS centers. The JADE external validation cohort included 2328
Chinese individuals diagnosed with T2D selected within the same
registering period as the CRDS cohort (Supplementary Table 3). As
external validation, we applied the treemodels in the JADE cohort, and
also had findings consistent with the CRDS cohort (Supplementary
Fig. 9). Overall, the performance of theChineseTree in the JADE cohort

corroborated that in theCRDS:We compared the distributionpatterns
of key clinical outcomes between the CRDS and JADE cohorts. Similar
distribution patterns were observed for HF and MI across both
cohorts, whereas the patterns of stroke and ischemic stroke differed.
HFpEF showed a distribution pattern similar to stroke in the CRDS
cohort. In contrast, within the JADE cohort from the Hong Kong
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Fig. 3 | Visualization of complications associated with Type 2 diabetes in the
scottish tree model in the CRDS cohort. a–h Predicted 10-year probability of
complications from T2D (n = 32,501): a chronic kidney disease (CKD, 1222 events),
b end-stage renal disease (ESRD, 216 events), c diabetic retinopathy (DR, 1856
events), d cirrhosis (911 events), emetabolic dysfunction-associated steatotic liver

disease (MASLD, 8240 events), f myocardial infarction (MI, 213 events), g stroke
(2187 events), including hemorrhagic stroke (139 events) and ischemic stroke (1984
events), andhheart failure (HF, 1333 events), further classified intoHFwith reduced
ejection fraction (HFrEF, 97 events) and HF with preserved ejection fraction
(HFpEF, 344 events) (left ventricular ejection fraction data available: n = 4902).
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healthcare system, HF and stroke shared similar distribution patterns,
while MI and ischemic stroke clustered similarly. For liver cirrhosis,
patients in both the CRDS and JADE datasets were concentrated in
branches 1 and 3. ESRD and CKD were concentrated in branches 5 and
6 in both cohorts. These differences likely reflect variations in patient
characteristics and healthcare delivery systems, underscoring the
robustness yet adaptability of our model across diverse popula-
tions (Fig. 6a).

In addition, we included another independent cohort of 1006
Chinese patients with T2D, identified from EHR in three medical cen-
terswith availableDRdata (DR cohorts), Thebaseline characteristicsof
this cohort are shown in Supplementary Table 4.We tested the DR risk
predicting performance of the Chinese tree using the DR cohort and
found largely consistent outcomes with that of the CRDS cohort
(Supplementary Fig. 10). Validation using theDR cohort confirmed this

distinct pattern of DR risk in theChinesepopulationwith T2D (Fig. 6b).
All this finding indicates that the Chinese tree model demonstrates
robustness performance across diverse healthcare systems and med-
ical centers.

Sensitivity analysis of liver-related risks
Furthermore, the high prevalence of MASLD and cirrhosis in our
cohortmay partly explain the clustering of certain complications such
as DR and CVD in liver-related phenotypic branches. As shown in
Supplementary Table 5, liver disease commonly co-occurs with a wide
range of diabetes complications, including stroke, HF, and DR. These
population-specific comorbidity patterns highlight the importance of
accounting for liver disease burden when interpreting phenotypic
structures in Chinese individuals with T2D. One major cause of liver
fibrosis in China is viral hepatitis. To rule out the impact of viral
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hepatitis-related cirrhosis, we performed a sensitivity analysis in
the CRDS cohort, excluding 1814 patients (6.97%) with viral hepatitis at
baseline. After the exclusion, no distinct clustering of FIB-4 was
observed, the AST/ALT ratio remained primarily concentrated in the
first branch as well (Fig. 6c). But concentration of cirrhosis and
MASLD stayed in their positions as in the main analysis (Fig. 6d, e).

After excluding populations with alcoholic cirrhosis and acute pan-
creatitis, the distribution of T2D patients with high-risk cirrhosis
remained in the third and fourth branches, while patients with high-
risk MASLD located in the fifth and sixth branches, reinforcing the
association of MASLD with T2D phenotyping in the Chinese tree
(Supplementary Figs. 1112).
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Fig. 5 | Visualization of Complications Associated with Type 2 Diabetes in
Chinese Tree. a–h Predicted 10-year probability of T2D complications
(n = 26,000): a chronic kidney disease (CKD, 1005 events), b end-stage renal dis-
ease (ESRD, 180 events), c diabetic retinopathy (DR, 1503 events), d cirrhosis (740
events), e metabolic dysfunction-associated steatotic liver disease (MASLD, 6593

events), f myocardial infarction (MI, 171 events), g stroke (1766 events), including
hemorrhagic stroke (118 events) and ischemic stroke (1608 events), and h heart
failure (HF, 1063 events), further classified into HF with reduced ejection fraction
(HFrEF, 79 events) andHFwith preserved ejection fraction (HFpEF, 276 events) (left
ventricular ejection fraction data available: n = 3897 events).
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Fig. 6 | Validation of disease risk patterns and progression trajectories of T2D
in theChinese treemodels. aVisualization of outcomes associatedwith T2D in the
Chinese Tree based on the JADE validation dataset. Each point represents a hazard
ratio (HR), and horizontal error bars indicate the corresponding 95% confidence
intervals (CI). Predicted 10-year probabilities and HRs with 95% CI of myocardial
infarction (MI, n = 28), heart failure (HF, n = 32), stroke (n = 50), cirrhosis (n = 4),
chronic kidney disease (CKD, n = 250), and end-stage renal disease (ESRD, n = 38)
following T2D diagnosis are shown for the JADE validation dataset. b Predicted
probability and hazard ratios (HRs) with 95% CI of DR (87 events) in the DR cohort

(n = 1006) on the Chinese Tree. Each point represents a hazard ratio (HR), and error
bars denote the 95% confidence intervals. c Sensitivity analysis excluding patients
with hepatitis at baseline in the CRDS cohort, FIB-4 for liver fibrosis and AST/ALT
ratio marker for steatotic liver disease (n = 24,186). d, e Predicted probability of
MASLD (6097 events) and cirrhosis (220 events) at 10 years from the diagnosis of
T2D excluding patients with hepatitis (n = 24,186). f Sankey diagram showing the
5-year trajectory of changes classified into seven groups based on the Chinese tree
coordinates. Seven groupsweremanually defined based on approximate regions in
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Migration of individuals within the tree model
Studies suggested that phenotypes of T2Dare subject to changedue to
metabolic control and pharmacotherapy1,3. Given the previously
reported 5-year clinical characteristics of T2D patients in our cohort,
we further conducted trajectory analyses to evaluate how individual
phenotypes evolved over time. We analyzed the follow-up data of the
CRDS cohort to investigate such phenotype change in T2D (Supple-
mentary Fig. 13). Five years after diabetes diagnosis, 32.83% of Chinese
participants (598 out of 1821, drawn from a total cohort of 32,501
individuals) shifted their position across the Scottish tree, with
movements primarily toward the corners—particularly the bottom
right—indicating a higher likelihood of developing obesity, liver
damage, and heart disease. In the Chinese tree, 6.45% (95 out of 1472,
from 26,000 Chinese individuals) showed a shift (distance > 1) from
their baseline position. Individuals with cardiovascular and renal dis-
ease exhibited the least phenotypic change. After a 5-year follow-up,
approximately 3% of individuals with T2D moved out from the central
part of the tree in both the Scottish and Chinese trees, suggesting
increased disturbances in metabolic indices, poorer cardiac and renal
function (Supplementary Fig. 14). We further explored the movement
of patients distributed in the middle branches to other groups and
found that, regardless of whether in the Scottish tree or the Chinese
tree, the number of patients with poorer cardiac and renal function
had increased (Fig. 6f, Supplementary Fig. 14). Moreover, over half of
the patients in themiddle branches remained stable in that region. We
examined the changes in metabolic indicators among the different
patient groups and found that variations in phenotypes can drive the
movement of patients between groups (Supplementary Fig. 14). Indi-
viduals transitioning into higher-risk phenotypic branches, especially
into branch 6, exhibited a markedly increased burden of diabetes-
related complications, underscoring the clinical relevance of the
phenotypic branches in disease progression and personalized man-
agement (Supplementary Fig. 15).

A web-based tool for visualizing individual risk
We summarized the patterns of characteristics and complications
distribution for Chinese individuals with T2D in the Chinese tree
model. The Chinese “tree” identified six branches: Branch 1 linked to
DR and peripheral vascular disease with elevated HDL-C and LDL-C;
Branch 2 largely complication-free with higher HDL-C; Branch 3 asso-
ciatedwith highHDL-C, Cr, and liver cirrhosis risk; Branch 4marked by
higher BMI, heart rate, triglycerides, and Cr accompanied with ele-
vated HF and MI risks; Branches 5 and 6 featured elevated blood
pressure, HbA1c, LDL-C, and risks of kidney disease, HF, and stroke. As
a potential tool for assisting clinicians and their patients in visualizing
individual patient profiles at the diagnosis of T2D and understanding
associated risks for disease progression and complications, we have
summarized our findings in the graph. We developed a computational
tool to systematically visualize the associations between clinical phe-
notypes and complications for individuals with T2D using the Chinese
tree model (https://wenglab-t2d-phenotype.shinyapps.io/wenglab-
t2d-phenotype/). With this tool, each newly diagnosed T2D Chinese
individuals can bemapped to the Chinese tree and their ten-year risks
of diabetes-related complications will be estimated based on their ten
baseline characteristics needed for the model.

Discussion
We demonstrated heterogeneity in baseline characteristics and T2D-
related complication risk distribution between the Chinese and white
European populations by analyzing data from a nationwide cohort of
32,501 newly diagnosed Chinese patients with T2D using a Scottish
tree model. We then constructed a unique Chinese tree model based
on ten diabetes-related variables derived froma deep learningmethod
from this nationwide cohort and validated it in external cohorts of
Chinese individuals with T2D.

Our findings suggest that the tree structure and distribution
possess heterogeneity among different populations, but consistency
within populations of the same ancestry. This has been underpinned
by previous studies trying to subtype T2D, which also revealed
population-specific patterns and unique association with diabetes-
related complications8,9. Ethnic-specific genetic backgrounds may be
attributed to the heterogeneity, such as the differences in DR risk
patterns between the populations observed in this study. A previous
gene network study revealed pathways underlying proliferative DR in
African Americans, whichwas not observed in Europeans21, supporting
this possibility. In addition to genetic factors, variations in healthcare
systems and routine clinical practices may also contribute to the
observed disparities. Unlike many European countries, where struc-
turedDR screening programs are well established, routine clinical care
in Chinamay not consistently detectmildor early-stageDR. As a result,
the prevalence and pattern of DR subtypes captured in our real-world
EHR data may underrepresent milder cases, thereby influencing risk
estimates and their distribution across the subtype branches.

Interestingly, in our study, higher HDL-C levels were associated
with an elevated risk of DR, which appears to contradict the traditional
view of HDL-C being protective due to its anti-inflammatory and anti-
oxidant properties. However, the association between HDL-C levels
and DR remains inconclusive across studies. A cross-sectional study
from the NO BLIND cohort reported that higher HDL-C levels were
independently associated with an increased risk of DR in patients with
T2D22. A large population-based study using National Health and
Nutrition Examination Survey (NHANES) data found an inverted
U-shaped association between HDL-C levels and DR risk among adults
with diabetes, with increased risk at both low and high HDL-C levels23.
These findings suggest that under certain metabolic or inflammatory
contexts, high HDL-C may reflect dysfunctional HDL-C particles that
have lost their vasoprotective function24. Furthermore, the strong link
we observed between liver-related phenotypes and DR risk may also
provide indirectmechanistic clues. Earlier research demonstrated that
liver dysfunction is known to alter HDL-C metabolism and composi-
tion, this may lead to accumulation of pro-inflammatory HDL-C sub-
type, which may contribute to microvascular damage25,26. Future
studies are warranted to explore the role of HDL particle functionality
and liver-derived metabolic factors in the development of DR.

More insight has been provided into the varied drivers of T2D-
related complications in this study. The tree structures in both Scottish
and Chinese populations revealed consistent phenotypic clusters
associated with elevated risks of cardiovascular and renal diseases,
such as high blood pressure, HbA1c, obesity, and lower eGFR levels.
Differences between HFpEF and HFrEF were evident, consistent with
findings from the German cohort12. Moreover, we provided estimates
of probabilities of stroke in both the Scottish and the Chinese tree
models. Stroke remains one of the primary causes of mortality and
long-term disability27. We found that both ischemic and hemorrhagic
stroke exhibited similar distribution patterns, primarily concentrated
in regions with elevated BMI, HDL-C, and LDL-C levels, corroborating
with the findings from the Global Burden of Disease Study 201927.
Notably, in theChinesepopulations, a different pattern forMASLD and
cirrhosis were evident in both the Scottish and Chinese trees, sug-
gesting potential metabolic differences. Compared with the European
population, Asianpeople tend todevelopMASLDat a lower BMI,which
maybedriven bydifferent genetic backgrounds28,29.While live is oneof
the central organs of insulin resistance anddyslipidemia30, ourfindings
highlight the potential role of liver-related mechanisms in population-
specific T2D heterogeneity31. Furthermore, the substantial burden of
liver disease in China may partly explain the strong influence of liver-
related phenotypes on certain diabetes complications such as DR and
cardiovascular disease. Liver disease, which including MASLD, viral
hepatitis, and cirrhosis, affect an estimated 300 million people in
China, representing a major public health challenge32. To better
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contextualize this, we quantified the prevalence of MASLD and cir-
rhosis across diabetes complication subgroups within our cohort,
demonstrating frequent co-occurrence with cardiovascular, renal, and
microvascular complications. This co-morbidity likely reflects shared
metabolic pathways and highlights the complex interplay between
liver health and T2D heterogeneity in this population. Importantly,
emerging data from an international individual participant data meta-
analysis demonstrated that T2D was associated with a markedly
increased risk of liver decompensation and hepatocellular carcinoma
(HCC) among individuals with biopsy-proven or elastography-defined
non-alcoholic fatty liver disease (NAFLD)33. These findings strongly
support a mechanistic link between T2D and progressive liver dys-
function, emphasizing the need to integrate liver health intomodels of
diabetes heterogeneity and risk stratification.

Approximately one-third of patients shifted branches over the
five-year follow-up, often moving toward higher-risk branches, which
underscores the importance of continuous monitoring and timely
adjustments to stratified treatment to address evolving risk factors and
improve patient outcomes. Interestingly, when comparing tree posi-
tion changes over five years, Chinese participants showed greater
positional shifts on the Scottish tree thanon theChinese tree, despite a
common assumption that East Asian populations are more metaboli-
cally vulnerable. This may reflect the mismatch between population-
specific structures: the Scottish tree, derived from the Caucasian
population, may exaggerate transitions when applied to external data.
Additionally, underrepresentation of certain phenotypes, such as
thosewith veryhighBMI in theChinesebaseline,mayhave led to initial
central clustering, making later movements appear more substantial.
Besides, within the Chinese cohorts involved in this study, we con-
sistently found that hyperglycemia at onset, as reflected by HbA1c,
ranked relatively low in the variable listed to characterizing T2D phe-
notype. This patternwas also observed in the Scottish study11, andmay
reflect the constrained variability in HbA1c at the time of diagnosis,
where most individuals meet similar diagnostic thresholds. This may
also suggest a differentiated role and trajectory of glucose in the
development of T2D across populations. Current therapeutic strate-
gies for T2D predominantly prioritize glycemic control, often at the
expense of understating the progression of metabolic dysfunction-
related complications34. Effective management of T2D requires an
integrated approach that emphasizes comprehensive care to safe-
guard target organs susceptible to damage from metabolic disorders.
Collectively, considering the heterogeneity in different populations, it
is worth developing population-specific models and further studies
into the drivers of such heterogeneity is warranted.

Comparedwith traditional clusteringmethods used for subtyping
T2D, such as k-means clustering35, the DDRTree algorithm provides an
alternative framework that captures both the complexity and con-
tinuity of disease progression, organizing individuals along trajec-
tories rather than assigning them into discrete clusters, and thereby
preserving transitional states between subtypes36. This structure
allows for visualizing the metabolic evolution of diabetes, aiding in
personalized risk estimation at the individual level. Furthermore,
DDRTree produces a low-dimensional and biologically plausible
manifold that supports trajectory-informed interpretation of pheno-
typic branches. This continuous model structure may better capture
gradual transitions between phenotypes and reflect the spectrum of
T2D heterogeneity. A major strength of our study lies in the data-
driven selection of clinically meaningful variables using a VAE com-
bined with machine learning framework. Previous tree-based or clus-
tering studies, such as the seminal work by Nair et al., and subsequent
studies using the LURIC cohort—typically selected 9 variables without
clearly justifying their selection rationale11,12. For instance, China Car-
diometabolic Disease and Cancer Cohort (4C) study adopted a fixed
set of 12 variables for prediabetes classification, but did not explain the
biological or statistical basis for this choice13. In contrast, we

implemented a VAE-informed dimensionality reduction framework to
capture latent features that represent the intrinsic structure of high-
dimensional clinical data. We then used a gradient-boosting classifier
using the 10 VAE-selected features to verify that this subset retained
predictive performance comparable to the full feature set. This
approach enhances the biological relevance and statistical robustness
of the selected features by accounting for nonlinear interactions and
multicollinearity between variables. Importantly, this data-driven
approach reduces selection bias associated with manually choosing
clinically relevant variables.

The strength of this study is that we utilized a nationwide EHR
database with follow-up and comprehensive, structuralized data. This
large sample size enabled us to construct a robust two-dimensional tree
structure using the DDRTree algorithm, capturing the complexity and
continuity of T2D progression. Importantly, we enhanced the DDRTree
model by selecting phenotype-defining features through a deep learn-
ing method, which improved the biological relevance while reducing
feature-selection bias. The continuousmanifold generated by DDRTree
offers an interpretable framework for identifying transitional states and
visualizing disease dynamics. This is particularly valuable for informing
risk stratification and personalized care, especially in high-risk sub-
populations predisposed to specific complications such as liver, renal,
and heart diseases. For these individuals, DDRTree-guided prevention
strategies may help inform early, targeted interventions. Our findings
also underscore that tree structures derived from one population may
not be directly transferable to others. The distinct subtype architecture
and complication risk patterns observed in the Chinese population
highlight the importance of developing population-specific models.
Here, the web-based tool we developed with the Chinese tree model
comes into use; it facilitates clinical application of Chinese diabetes
subtyping and complication risk estimation, which may, in the future,
realize individualized treatment.

Several limitations should be acknowledged. First, the use of real-
world EHR data introduces potential selection bias and may limit data
completeness or accuracy for certain variables. For example, due to
limitations in the EHR structure anddata availability, wewere unable to
stratify DR by severity in this analysis. Second, the classification
imbalance in training data which is an inherent issue when working
with observational cohorts, may have influenced the performance of
our unsupervised model. Third, ten-year complication risks in our
study were estimated through probability-based modeling. The
declining number of individuals with extended follow-up may have
slightly reduced the statistical power for accurate estimation of
individual-level complication risks. Fourth, although we performed
external validation using the JADE cohort from a distinct healthcare
system, our findings should be further validated in prospective cohort
studies to confirm their generalizability and clinical relevance. Finally,
genetic data were not available in this study. Given the known con-
tribution of genetic factors to T2D heterogeneity, this limited our
ability to explore genotype-phenotype associations. Future studies
integrating genomic data will be essential to further elucidate the
biological underpinnings of the identified subtypes.

In conclusion, this study demonstrates the utility of phenotype-
based treemodels in stratifying T2D patients and predicting the risk of
complications. We highlighted the heterogeneity of diabetes in the
Chinese population compared to the Caucasian population, high-
lighting that T2D subtyping is not a one-size-fits-all process and rein-
forcing the need for ethnic-specific tools. This approach enhances the
understanding of their unique phenotype and has the potential to
contribute to the precision management of T2D in China.

Methods
Ethics statement and study population
This study was approved by the Medical Ethics Committee of Nanfang
Hospital, Southern Medical University (approval number: NFEC-2019-
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213). The requirement for individual informed consent was waived by
the Medical Ethics Committee of Nanfang Hospital, Southern Medical
University, in compliance with the Measures for the Ethical Review of
Biomedical Research Involving Humans (National Health Commission
of China), which permits informed-consent waivers for minimal-risk
retrospective studies using anonymized data, as in our study. For DR
cohort and the healthy individuals, ethical approvalwas granted by the
First Affiliated Hospital of USTC (2021-KY-034). For the JADE cohort,
ethical approval was granted by The Chinese University of Hong Kong
(CUHK) Clinical Research Ethics Committee (CREC 2007.339) and the
respective local institutional ethics boards involved in the imple-
mentation and evaluation of the JADE Program.

We used the Chinese Renal Disease System (CRDS) as our main
data source. The CRDS18 is a comprehensive multicenter database. It
collected inpatient and outpatient data from the EHR systems of 24
medical centers across China from January 1, 2000, to May 26, 2024.
The system collected anonymized health-related data from all the
patients, not limited to those with renal diseases, who visited the
participating hospital during this period, such as outpatient and hos-
pitalization notes, diagnosis, surgical procedures, laboratory results,
medications, and in-hospital mortality. The system now possesses a
database encompassing 8,632,000 patients, with follow-up data
available for 2,550,000 individuals by the time the current analysiswas
performed.

For this study, we included individuals aged 18 years or older
from the CRDS who had T2D (ICD-10 code E11) with a disease
duration of no more than 12 months at baseline. Baseline was
defined as the first recorded diagnosis of T2D in the database, and
we confirmed the disease duration at baseline by reviewing the
clinical notes. We excluded individuals (a) diagnosed with type 1
diabetes or other types of diabetes (ICD-10 codes E10 or E13); (b)
under 18 years; (c) pregnant at baseline; and (d) with major medical
conditions, including malignancy, organ transplantation, or ESRD,
as these conditions may significantly impact metabolic status and
clinical profiles, thereby impact the clustering of T2D-specific
phenotypes (Supplemental Table 1).

We construct two external validation cohorts with the same
inclusion and exclusion criteria as the CRDS cohort. For the first
cohort, we used data of eligible participants from the JADE program
between 2001 and 2019, to validate the models in population treated
under a different healthcare system (JADE cohort). The JADE
Program19,20, developed from the Hong Kong Diabetes Register, JADE
retrieves data on medications, laboratory tests, hospitalizations, and
outpatient visits, by linking participants’ unique identity numbers with
the territory-wide Hospital Authority electronic medical record
system.

As the incident time of DR was unavailable from the JADE cohort,
another cohort (DR cohort) was constructed to validate the findings in
the DR distribution pattern in the Chinese population. The data sour-
ces were EHRs between 2018 and 2023 from threemedical centres: the
First Affiliated Hospital of Bengbu Medical University, the Third
Affiliated Hospital of Sun Yat-sen University, and Nanjing Drum Tower
Hospital. We collected data needed to validate the Scottish and the
Chinese models.

Diabetes-related outcomes
MI: Myocardial infarction was defined as acute or chronic myocardial
injury due to ischemia, identified using ICD-10 codes I21 (acuteMI), I22
(subsequent MI), and I25.2 (old MI)37.

Stroke: Stroke was defined as the first appearance of ICD-10 codes
I60–I64, including ischemic stroke (I63), intracerebral hemorrhage
(I61), subarachnoid hemorrhage (I60), other and unspecified non-
traumatic intracranial hemorrhage (I62), and unspecified stroke
(I64)37. Ischemic Stroke: Defined by ICD-10 code I63. Hemorrhagic
Stroke: Defined by ICD-10 codes I60–I62.

HF: Hospitalization due to HF was defined by the first inpatient
diagnosis coded as I50. HFpEF was defined as heart failure with a left
ventricular ejection fraction (LVEF) ≥ 50% documented by
echocardiography37. HFrEF was defined as heart failure with a left
ventricular ejection fraction (LVEF) < 40%.

CKD: Chronic kidney disease was identified through electronic
health records by detecting an eGFRof≤60ml/min/1.73m², confirmed
by at least two separate measurements taken 3 months apart38. The
eGFR was determined using the CKD-EPI equation based on serum
creatinine levels39.

ESRD: ESRD was defined as a requirement for dialysis longer than
3 months (either hemodialysis or peritoneal dialysis) or preemptive
renal transplantation.

DR: Diabetic retinopathy was identified via ICD-10 codes E11.371,
and E14.371. Due to limitations in EHR coding, grading granularity was
not available. These codes primarily reflect moderate to severe forms
of DR with clinical significance, including moderate non-proliferative
diabetic retinopathy (NPDR) with diabetic macular edema (DME),
severe non-proliferative diabetic retinopathy, and proliferative dia-
betic retinopathy (PDR)40.

Liver Cirrhosis: Liver cirrhosis was diagnosed according to the
ICD-10 codes K74.1 to K74.6 and K70.2 to K70.3.

MASLD: Diagnosis defined as the presence of hepatic steatosis in
conjunction with one CMRF and no other discernible cause41 (Sup-
plementary Table 1).

DPVD: Identified by ICD-10 code E11.5, which includes I79.2, indi-
cating peripheral angiopathy due to diabetes42. Detailed definitions of
these outcomes of interest are summarized in Supplementary Table 1.

Mapping the Chinese populations to the “Scottish tree”
Following the methods11 described by Nair et al., the individuals from
the CRDS cohort were mapped onto the Scottish tree using baseline
clinical characteristics of HbA1c, BMI, TC, HDL-C, ALT, Cr, SBP, trigly-
cerides and DBP, ensuring alignment with the distribution of these
nine phenotypic variables within the Scottish tree. Individualsmapped
to the “tree” were required to have all the aforesaid nine variables
available within one year from the baseline. Outliers were excluded
based on values beyond 5 standard deviations15. The data were trans-
formed using rank normalization. Then each participant was assigned
a position on the Scottish tree, adjusted for age and sex.

Construction of the “Chinese Tree”
To better capture the key features for constructing the phenotyping
tree for the Chinese population, we employed a VAE model to learn a
compressed latent representation of clinical input features (Supple-
mentary Table 2). After excluding individuals with missing values in
key variables required for model training (e.g., HbA1c, BMI, blood
pressure, lipid profiles), a total of 45,589 patients with T2D from the
CRDS cohort and 11,340 non-diabetic individuals from the Anhui Pro-
vincial Health Center were included in the analysis.

Design of VAE
The VAE framework was designed with a flexible architecture com-
prising fully connected layers in both the encoder and decoder
networks17. Each hidden layer is followed by batch normalization and
LeakyReLU activation, along with dropout for regularization. We
implemented a standard variational autoencoder (VAE) with fully
connected encoder and decoder networks. The encoder network
qϕðzjxÞ maps input x to a latent representation through a series of
hidden layers with batch normalization, nonlinear activations, and
dropout regularization. The encoder outputs parameters of a diagonal
Gaussian posterior distribution over latent variables z 2 RL:

qϕðzjxÞ=NðμϕðxÞ, diagðσ2
ϕðxÞÞÞ ð1Þ
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where μϕðxÞ and σϕðxÞ denote the mean and standard deviation pre-
dicted by the encoder. The decoder network pθðxjzÞ reconstructs the
input from the latent representation. We employed the reparameter-
ization trick to enable backpropagation through stochastic sampling:

z =μϕðxÞ+ σϕðxÞ � ε, ε � Nð0, IÞ ð2Þ

The latent prior was set to a standard Gaussian pðzÞ=Nð0, IÞ. For
downstream analyses, we used the encoder mean μϕðxÞ as the deter-
ministic latent representation.

Loss Function and Optimization
The model was trained by maximizing the evidence lower bound

(ELBO), equivalently minimizing the negative ELBO:

L =Lrecon +β �LKL ð3Þ

The reconstruction loss Lrecon was computed as the Mean
Squared Error (MSE) between input and reconstruction:

Lrecon = kx � x̂k2 ð4Þ

The Kullback-Leibler divergence LKL regularizes the posterior
toward the prior:

LKL =DKLðqϕðzjxÞkpðzÞÞ= � 1
2

XL

i= 1

ð1 + logðσ2
i Þ � μ2

i � σ2
i Þ ð5Þ

whereμi and σ2
i are themean and variance of the i-th latent dimension.

The hyperparameter β controls the trade-off between reconstruction
fidelity and latent regularization. We specifically used a β value of
0.001 for the finalmodel. All losses were normalized by batch size and
input dimensionality.

Model training
Themodel was implemented in PyTorch (v1.9.0) and trained on a GPU
with CUDA (v11.8).Model optimizationwas performed using the Adam
optimizer with a fixed learning rate of 1 × 10⁻⁴ and a batch size of 1024.
Training was conducted for 150 epochs, and a fixed random seed was
used to ensure reproducibility. After training, the latent representation
of each sample was obtained by extracting themean vector μ from the
encoder output.

Hyperparameter optimization
We initially divided the dataset into a training set (90%) and a test set
(10%) to identify the optimal hyperparameter settings to capture the
data structure without losing the ability to generalize on the test data.
Allmetricswere computedonly onnon-missing entries. To identify the
optimal combination of hyperparameters that best captured the
underlying structureof thedatawhilemaintaining goodgeneralization
performance, we systematically tested various configurations of the
VAE. These included: hidden layer sizes (256, 512, and 1024), number of
hidden layers (1 to 3), latent dimension (24, 32, and 48), dropout rate
(10%, 20%, and 30%), and KLD weight (1 × 10⁻3, 1 × 10⁻⁴, and 1 × 10⁻5).
Model performance was evaluated based on the ELBO loss (recon-
struction error plus KL divergence) on the test set and the stability of
the latent space. Reconstruction quality was evaluated by calculating
the cosine similarity between the input and reconstructed feature
vectors for each individual. Latent space stability was further assessed
for the top-performing configurations by repeatedly training models
with identical hyperparameters and computing the variation in cosine
similarity of each individual’s latent vector with all others across runs.
A smaller average variation indicates greater stability. The model with
the most consistent representations was selected with the average
change closest to zero. We observed that models with more complex
architectures—such as those with additional hidden layers or a greater

number of neurons—tended to perform worse. In particular, models
withmore thanone hidden layer failed to achieve good reconstruction
performance without overfitting. The only exception was the dimen-
sionality of the latent space: models with a small latent dimension 16
underperformed, whereas those with dimensions between 32 and
48 showed comparable performance. Among evaluated architectures,
simpler models with a single hidden layer performed better in gen-
eralization compared to deeper or wider models, which tended to
overfit. Specifically, the configuration with one hidden layer of 512
neurons, a latent dimensionof 32, dropout rate of 10%, andKLDweight
of 0.0001 yielded the best balance between accuracy and stability.

Feature importance analysis
Feature importance was estimated from the absolute weights con-
necting each input feature to the hidden layer. Specifically, for each
input feature, importance is calculated as:

Ii =
Xnhidden

j = 1

jwijj ð6Þ

where Ii represents the importance of the Ii th input feature and wij

denotes the weight from the Ii th input to the j th hidden neuron. To
assess the actual impact on the latent representation an adaptation of
the SHAP16 analysis was applied. For the perturbation-based approach,
we systematically set each feature to “missing” for all individuals and
measure the resulting change in latent representations. Missing values
are encoded as mean-substitution (0 after z-score standardization).
The combination of these two methods provided a comprehensive
view of feature relevance in the clinical data. A set of 10 overlapping
features was consistently identified as the most influential: HDL-C,
triglycerides, SBP, ALT, HbA1c, LDL-C, creatinine, heart rate, BMI,
and DBP.

Comparison for feature selection and model performance
Beyond unsupervised representation learning, we sought to validate
the discriminatory utility of the features selected by the VAE using
supervised machine learning classifiers. Multiple classifiers were
implemented in Python using the scikit-learn package, including
Logistic Regression (LR), RandomForest (RF), Support VectorMachine
(SVM), Linear SVM (LSVM), Gaussian Naive Bayes (GNB), Decision Tree
Classifier (DTC), Gradient Boosting Classifier (GBC), Least Absolute
Shrinkage and Selection Operator (LASSO) and Elastic net, which
trained and evaluated using the full original clinical variables. Model
performance was comprehensively assessed using 10-fold cross-vali-
dation and quantified by multiple metrics, including accuracy, area
under the ROC AUC, and PR AUC, to ensure robustness across imbal-
anced classes. All models were trained using default hyperparameters
provided by scikit-learn, except for LASSO and Elastic Net, which
employed LogisticRegressionCV to automatically tune the regulariza-
tion strength (λ), which corresponds to the inverse of C. Among all
classifiers, GBC achieved the best overall performance (ROC AUC>
0.9), followed closely by RF, and was thus selected as the final classi-
fier. These two classifiers were further applied to evaluate the pre-
dictive performance of models reconstructed using the top 5-10 VAE-
derived features (Supplementary Fig. 5). The comparable results
between reduced and full feature sets confirmed the stability and
sufficiency of the VAE-selected variables in capturing the intrinsic
heterogeneity of T2D.

Data dimensionality reduction with DDRTree
We utilized data from the CRDS cohort and divided the dataset into an
80% training set and a 20% validation set. Using the top ten features
identified, we applied theDDRTree algorithm43 to construct a “Chinese
Tree”model as Nair et al did11, to visualize the clustering of individuals
with T2D based selected features distribution in a dimensionality
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reduced graph. Each phenotype was then residualized for age and sex
via linear regression. The resulting matrix was input into the DDRTree
algorithm, which embedded the high-dimensional phenotype data
into a two-dimensional space. Each individual was then mapped onto
the Chinese tree, representing the data-driven organization of phe-
notypic heterogeneity among individuals with T2D. All data manage-
ment and statistical analyseswere conducted usingR version 3.5.2. The
DDRTree algorithm was implemented using the ‘monocle’ package
from Bioconductor.

Evaluating the distribution of phenotypes and outcomes
To assess phenotype distribution across the tree structure, we per-
formed linear regression analyses of each phenotype against the tree
dimensions (X and Y), and visualized the regression coefficients
alongside their 95% confidence intervals (CIs). To evaluate the risk of
diabetes-related complications, we employed a competing risk
model (Fine–Gray model) and derived sub-distribution hazard ratios
(sHRs), treating death as a competing event. This analysis was con-
ducted in the full CRDS cohort, with separate models developed for
each complication, including DR, HF (HFrEF, HFpEF), Stroke
(ischemic and hemorrhagic stroke), MI, ESRD, CKD, MASLD, liver
cirrhosis, and DPVD. Individuals who had already experienced the
outcome of interest at baseline or who lacked follow-up data were
excluded from the corresponding models. Those who died during
follow-up were treated as having experienced a competing event,
whereas individuals who reached the end of follow-up or were lost to
follow-upwere censored.We constructed Fine–Graymodels for each
outcome of interest, and developed three model versions: the first
using the tree dimensions from DDRTree, the second integrating
DDRTree dimensions with spline functions as covariates, and the
third incorporating age, sex, ten clinical characteristics, and duration
of T2D diagnosis as covariates11. Thesemodels enabled us to examine
the association between the identified latent subgroups and long-
term risk of complications while appropriately accounting for com-
peting mortality. To obtain the individual probability for developing
each diabetes outcome (for example, CKD or other outcomes) for
each study participant at a 10-year follow-up period, we used the
previously constructed competing riskmodels with dimensions from
DDRTree as covariates. For example, to estimate the probability of
stroke incidence for a study participant, we used the stroke com-
peting risk model (event of interest: stroke; competing event: death)
constructed with DDRTree dimensions as covariates. Using this
model and each individual’s position in reduced space, we predicted
event probability for that individual. Similarly, we calculated the
individual-level probability of other outcomes using corresponding
competing risk models. These event probabilities were overlaid on
the tree diagram to visualize the heterogeneity in diabetes
progression.

Constructing a mapping function for external validation
To map individuals with newly diagnosed T2D to the Chinese tree, we
constructed a mapping function using 10 diabetes-related clinical
variables: HDL-C, triglycerides, SBP, ALT, HbA1c, LDL-C, Cr, heart rate,
BMI, and DBP. The function comprises two components: (1) two gen-
eralized additive models (GAMs) with smooth terms fitted using cubic
regression splines to predict the DDRTree-derived two-dimensional
coordinates (Dimension 1 and Dimension 2) from the 10 phenotypes;
and (2) a distance-estimating algorithm that calculates the Euclidean
distance between points in the two-dimensional space. Given a new
individual with all 10 phenotypes, the trained GAMs first predict the
provisional DDRTree coordinates (Dimension 1 and Dimension 2).
Next, the distance between this provisional point and all individuals in
the reference Chinese tree (n = 26,000) is computed. The final map-
ping assigns the new individual to the nearest neighbor in the refer-
ence tree based on the minimum Euclidean distance. This process

allows for identifying the most phenotypically similar reference indi-
vidual for the newly diagnosed case.

We applied the mapping function to evaluate the alignment and
consistency of positioning for the remaining 20% of newly diagnosed
T2D patients within the established tree structure, as an internal vali-
dation. Secondly, to investigate the performance of the “Chinese tree”
model across different healthcare systems, we validated the model in
the JADE cohort and the DR cohort. In the JADE cohort, individuals
weremapped to the reference tree using age at diagnosis, sex, and the
10 clinical phenotypes. After mapping, we overlaid these phenotypes
to assess their distribution across the tree and evaluated the con-
sistency with the reference population. Diabetes progression was
assessed by examining the occurrence of seven clinical outcomes
during follow-up: MI, stroke, ischemic stroke, HF, cirrhosis, CKD, and
ESRD. Thedefinitions of CKDand ESRDareprovided inSupplementary
Table 3. In the external JADE cohort, we similarly applied Cox pro-
portional hazardmodel using theDDRTree-derived tree dimensions as
covariates to estimate the individual probability of each complication.

In the DR cohort, we specifically validated the model’s perfor-
mance in predicting DR. DR cases were defined based on clinical
diagnosis of moderate NPDR with DME, severe NPDR, or PDR, con-
sistent with the CRDS cohort definition. In DR cohort, the predicted
event probabilities were overlaid on the tree to assess the spatial dis-
tribution of complications across phenotypic subgroups. For the
probability of the incidence of DR, we derived the hazard ratio (HR)
and 95% CIs from the Cox proportional hazard model for deriving
event probabilities.

Sensitivity analysis
To examine the potential impact of hepatitis virus infection on the
associations between diabetes and primary liver outcomes in the
Chinese population, we conducted a sensitivity analysis by excluding
individuals with a diagnosis of viral hepatitis from the CRDS cohort.
Then we excluded the population with alcoholic cirrhosis and acute
pancreatitis (Supplementary Table 1). After removing these indivi-
duals, we re-assessed the phenotypes and complication outcomes
using the Chinese tree framework to ensure the robustness and sta-
bility of our findings.

Phenotype changing with time in the Scottish Tree and Chinese
Tree models
To assess changes in these variables during the first 5 years after a
diabetes diagnosis, we examined the gradient of individual slopes
(deltas) across the two three-dimensional. Deltas with a gradient
greater than 1.0 were considered indicative of significant positional
changes across the tree. We also divided the coordinate regions of the
Scottish and Chinese trees into distinct parts to visualize individual
changes over the five-year follow-up period.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
The individual-level data used in this study are not publicly available
due to privacy regulations. Access to the CRDS data subset used in this
article via the corresponding author (Prof. Jianping Weng, wengj-
p@ustc.edu.cn). Applicants must provide a research proposal, evi-
dence of ethical approval, and a data protection plan. Requests will be
evaluated within 8 weeks, and approved applicants will receive access
through a secure, time-limited environment for a period of 12 months,
with possible renewal upon review. Data used to generate the Scottish
tree model can be obtained upon request from the Scottish Care
Information-Diabetes Collaboration, Tayside & Fife, Scotland unit
(https://www.sci-diabetes.scot. nhs.uk/). For access to other datasets,
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including the JADE and DR cohorts, or to request scripts adapted to
those datasets, please apply through the Asia Diabetes Foundation
(enquiry@adf.org.hk) for JADE data, or through the corresponding
author (wengjp@ustc.edu.cn) for DR data. Inquiries will receive a
responsewithin 1month. These datasets are availableunder controlled
access because they contain individual-level clinical and biomarker
information governed by participant consent and institutional privacy
regulations.Aggregated statistics and summary-level data that support
the main findings of this study are provided in the Source Data
file. Source data are provided with this paper.

Code availability
The code for training the VAE, machine learning methods and con-
structing the Chinese tree is available on GitHub at: https://github.
com/Tongyue1999/Chinese-DDrtree. This repository includes anno-
tated scripts for data preprocessing,model training, and evaluation, as
well as parameters used in thefinalmodel. To facilitate reproducibility,
we also provide the original plotting scripts and access to publicly
available datasets used in the analysis. The R scripts used for pheno-
type trajectory mapping and validation are specific to the CRDS
database and contain sensitive field-level references; therefore, they
are not publicly available. The trajectory analysis was performed using
the publicly availableDDRTreemethod implemented in themonocle R
package (v0.1.5), which can be accessed via the Bioconductor reposi-
tory: https://www.bioconductor.org/packages/release/bioc/html/
monocle.html.
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