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SUMMARY

Prediabetes, an intermediate stage of developing diabetes, exhibits considerable phenotypic heterogeneity. 

Here, we apply the Discriminative Dimensionality Reduction Tree (DDRTree) algorithm to explore prediabetes 

heterogeneity in 55,777 participants from the China Cardiometabolic Disease and Cancer Cohort (4C) study. 

Based on 12 clinically available variables, we identify four distinct phenotypes and observe differential risks 

of type 2 diabetes mellitus (T2DM), chronic kidney disease (CKD), and cardiovascular disease (CVD). Pheno

type 4, characterized by hyperglycemia, insulin resistance, obesity, elevated triglycerides, and liver enzymes, 

has the highest T2DM risk, while phenotype 3, predominantly driven by obesity, insulin resistance, hypergly

cemia, and dyslipidemia, has the highest CKD risk. Phenotypes 3 and 4 show higher CVD risk, with distinct 

distributions of CVD subtypes. These findings are validated in the external cohort SN_2009–2021, and a user- 

friendly online tool is provided for individual risk prediction. Overall, our study elucidates the intricate dy

namics of prediabetes progression, aiding in personalized management for prediabetes care.

INTRODUCTION

Prediabetes represents an intermediate stage of glucose dysre

gulation that may precede type 2 diabetes mellitus (T2DM).1 It af

fects approximately 720 million individuals worldwide in 2021 

and will affect an estimated 1 billion people by 2045.2 In China, 

the nationwide prospective China Cardiometabolic Disease 

and Cancer Cohort (4C) study reported a cumulative incidence 
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of 21.3% for progression from prediabetes, defined by com

bined impaired fasting tolerance, impaired glucose tolerance, 

and elevated hemoglobin A1c (HbA1c), to diabetes over up to 

5 years of follow-up.3 In another randomized clinical trials of dia

betes prevention, the cumulative diabetes incidence reached 

95.9% among participants with prediabetes in the control group 

during a 30-year follow-up period in the Chinese DaQing study.4

Given the substantial high-risk population, effective screening 

and management strategies for individuals with prediabetes 

are critical to reducing the economic burden of T2DM and its 

complications.

Prediabetes is not a uniform state but rather a spectrum with 

considerable variation in metabolic profiles, risk factors, and po

tential outcomes.5,6 Individuals with prediabetes exhibit signifi

cant differences in insulin sensitivity, insulin secretion, blood 

glucose levels, and lipid metabolism.7,8 These factors influence 

metabolic status, pathophysiological mechanisms, and the risk 

of progressing from prediabetes to T2DM, as well as developing 

complications such as cardiovascular disease (CVD) and 

chronic kidney disease (CKD). Wagner et al. used k-means clus

tering in a European population to identify six prediabetes sub

types, revealing pathophysiological heterogeneity and a high- 

risk group for complications. We previously applied the k-means 

clustering method to stratify the Chinese prediabetic population 

into six subgroups, each exhibiting distinct risks for diabetes, 

CKD, and CVD progression. However, this approach does not 

provide individualized risk predictions.6,9 Understanding this 

heterogeneity is crucial for developing personalized intervention 

and enabling more effective management to prevent T2DM and 

reduce the incidence of CVD and CKD events in patients with 

prediabetes.

The unprecedented increase in big data has brought consid

erable difficulties in data visualization and subsequent analysis. 

Conventional dimension reduction approaches like principal 

component analysis are challenged by explicitly recovering the 

intrinsic structure from the data and the discriminative feature 

representation.10–12 Discriminative Dimensionality Reduction 

Tree (DDRTree), a computational method for visualizing and 

analyzing high-dimensional biological data, integrates principles 

from dimensionality reduction and decision tree algorithms to 

provide a more interpretable representation of complex data.13

Besides, DDRTree has advantages in inferring the ordering as 

well as reconstructing the temporal progression and bifurcation 

structure of any data type.10 Interestingly, recent studies have 

applied the DDRTree algorithm to visualize heterogeneity in 

type 2 diabetes14,15 and type 1 diabetes,16 revealing mixed traits 

converging at the tree trunk and distinct phenotypes at the distal 

branches. This method allows a clear two-dimensional visualiza

tion of complex, continuous phenotypic variations within individ

uals. Considering the central discrepancies in the pathophysi

ology of prediabetes, applying this method could provide 

significant insights into heterogeneity of prediabetes.

Hence, in this study, we aimed to elucidate (1) how the tree 

structure discriminates metabolic parameters among individuals 

with prediabetes and (2) how the heterogeneity of metabolic 

phenotypes predicts different complications among participants 

with prediabetes from large-scale prospective cohorts.

RESULTS

Baseline characteristics of the 4C study population were 

described in Table 1. The 12 variables used to determine predia

betes heterogeneity were (mean [standard deviation (SD)] or 

median [interquartile range (IQR)]) waist-to-hip ratio (WHR), 

0.88 (SD 0.06); body mass index (BMI), 24.42 (SD 3.28) kg/m2; 

fasting glucose (FPG), 5.57 (SD 0.52) mmol/L; post-load plasma 

glucose (PBG), 7.12 (SD 1.68) mmol/L; HbA1c, 5.81% (SD 0.33); 

homeostasis model assessment of insulin resistance (HOMA- 

IR), 1.67 (IQR 1.18–2.34); homeostasis model assessment of β 
cell function (HOMA-B), 67.42 (IQR 47.86–94.51); triglyceride 

(TG), 1.31 (IQR 0.94–1.87) mmol/L; high-density lipoprotein 

cholesterol (HDL-C), 1.35 (SD 0.35) mmol/L; alanine transami

nase (ALT), 14.00 (IQR 10.80–20.00) U/L; aspartate aminotrans

ferase (AST), 21.78 (SD 7.39) U/L; and glutamyl transferase 

(GGT), 20.00 (IQR 14.00–30.00) U/L.

Phenotypic characteristics and gradients across the 

tree structure

To get a visual representation of the phenotypic characteristics, 

we overlaid the data from 12 independent clinical variables on 

the tree, as shown in Figure 1A. We employed two metrics to 

evaluate the distribution patterns. Figure 1B and Table S1

showed the regression of each variable against the tree’s two di

mensions. WHR, BMI, HOMA-IR, and HOMA-B showed the 
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consistent gradient pattern across both dimensions of the tree, 

with the highest values in the lower-left branches and the lowest 

values in the upper-right branch. Liver enzyme levels, including 

ALT, AST, and GGT, showed significant gradients in both dimen

sions across the tree, reaching the lowest in the lower-right 

branch and highest in the upper-left branches. Glycemic traits 

(FPG, PBG, and HbA1c) uniformly exhibited decreasing gradi

ents along dimension 1, gathering higher concentrations in the 

left part. Along dimension 2, FPG and PBG showed slight 

increasing trends, whereas HbA1c displayed a reverse trend. 

TG and HDL-C showed completely opposite gradients in the 

two dimensions: HDL-C reached its highest values in the upper 

and right part, while TG was similar to glycemic traits with higher 

levels in the left part of the tree. The global Moran’s I index was 

plotted to depict the intensity of spatial correlation on the tree 

(Figure 1C), and the local Moran’s I (Figure S1) showed how 

strongly individuals within the tree are correlated with their neigh

bors. Among the 12 variables analyzed, ALT (Moran’s I r = 0.72), 

AST (r = 0.72), and HOMA-IR (r = 0.64) had the strongest impact 

on the tree coordinates, followed by BMI and HOMA-B, with 

HDL-C, GGT, TG, and WHR having a comparatively minor 

impact. Glycemic traits, including FPG, PBG, and HbA1c, ex

hibited minimal variation across the tree structure. Given the 

inherent definition of prediabetes, the variation in baseline blood 

glucose levels in this population is relatively modest, thereby 

limiting its discriminatory potential.

In light of the clustering outcomes, we attributed four pheno

types to each branch within the tree for subsequent descriptions 

(Figure 1D). Individuals classified as phenotype 1 were the meta

bolically healthiest, with the lowest obesity indices, insulin resis

tance, and glycemic and lipid trait levels. Meanwhile, phenotype 

2 had higher obesity indices, insulin resistance, and glycemic 

and lipid trait levels but lowest liver enzyme levels. Both pheno

types 3 and 4 included patients with unhealthy metabolic pro

files, characterized by high TG, glycemic levels, obesity, and in

sulin resistance overall. The difference lies in that phenotype 3 

included patients with highest HbA1c and lowest HDL-C levels, 

while phenotype 4 included patients with elevated liver enzymes.

Heterogeneity of prediabetes in relation to clinical 

outcomes

During up to 5 years of follow-up, we observed 3,615 cases of 

T2DM, 1,020 cases of CKD, and 933 cases of CVD (582 cases 

of stroke, 142 cases of myocardial infarction [MI], and 70 cases 

of heart failure). We then visualized the heterogeneity of predia

betes progression and clinical outcomes in the four phenotypes 

(Figures 2 and 3). The risks of T2DM, CKD, and CVD exhibited 

distinct spatial distributions across the DDRTree structure. 

T2DM risks peaked in the upper-left quadrant (phenotype 4) of 

the tree with hazard ratios (HRs) (95% confidence interval 

[95% CI]) at 0.62 (0.60–0.65) in dimension 1 and 1.14 (1.09– 

1.20) in dimension 2 (Figures 2A and 2C). Higher probabilities 

of T2DM were parallel to higher baseline glycemic traits, liver 

enzyme levels, insulin resistance, and obesity. Individuals clas

sified as phenotype 3 had the highest risks for CKD with HR 

(95% CI) reaching 0.84 (0.78–0.91) in dimension 1 and 0.69 

(0.62–0.76) in dimension 2 (Figures 2B and 2C). Incident CKD 

risks were driven by the combination of obesity, insulin resis

tance, glycemic traits, and dyslipidemia.

Overall cardiovascular outcomes increased in the left parts of 

the tree (phenotypes 3 and 4) with HR (95% CI) reaching 0.91 

(0.84–0.98) in dimension 1 and 0.99 (0.90–1.09) in dimension 

2 (Figure 3), corresponding to the regions with unhealthy meta

bolic profiles. A detailed assessment was then conducted in 

view of CVD subtypes, including MI, stroke, and heart failure, 

overlaying their probabilities on the tree (Figure 3A). Stroke, ac

counting for 57% of overall CVD, showed the similar risk distri

bution, with phenotypes 3 and 4 reaching higher risks (0.83 

(0.75–0.92) in dimension 1 and 0.98 (0.86–1.12) in dimension 

2). However, the significance of other CVD subtypes, namely 

MI (highest risks in phenotype 3) and heart failure (highest risks 

in phenotype 4), exhibited different distributions against dimen

sion 2, with 0.74 (0.56–0.98) and 1.10 (0.74–1.62), respectively 

(Figure 3B). The strength of global spatial correlation, as indi

cated by Moran’s I (Figures 2D and 3C), showed a strong 

and significant spatial correlation (p < 0.001) of each outcome 

across the tree.

External validation of prediabetes heterogeneity

For external validation, we used the data of the SN_2009–2021 

cohort (Figure 4). We obtained T2DM, CVD, and CKD outcomes 

in SN_2009–2021 (Figure 5). As expected, the probability of 

T2DM overlaid on the tree revealed consistent highest risks in 

phenotype 4 observed in the 4C study, with HR (95% CI) reach

ing 0.34 (0.22–0.54) in dimension 1. The probabilities of CVD and 

CKD followed similar distributions to the 4C cohort, with the 

lowest risks all concentrating in phenotype 1. Those with higher 

risks had a tendency toward the lower and left part of the tree for 

the two outcomes reaching highest in phenotype 3 or 4. 

Table 1. Baseline characteristics of the study population

Variables 4C study (N = 55,777)

SN_2009–2021 

study (N = 1,649)

Males 18,762 (33.64%) 607 (36.8%)

Age (year) 56.26 ± 8.50 58.31 ± 9.07

WHR 0.88 ± 0.06 0.89 ± 0.06

BMI (kg/m2) 24.42 ± 3.28 24.90 ± 3.39

FPG (mmol/L) 5.57 ± 0.52 4.99 ± 0.53

PBG (mmol/L) 7.12 ± 1.68 6.98 ± 1.64

HbA1c (%) 5.81 ± 0.33 5.98 ± 0.25

HOMA-IR 1.67 (1.18–2.34) 1.45 (0.93–2.14)

HOMA-B 67.42 (47.86–94.51) 88.64 (58.00–138.00)

TG (mmol/L) 1.31 (0.94–1.87) 1.32 (0.95–1.89)

HDL-C (mmol/L) 1.35 ± 0.35 1.38 ± 0.31

ALT (U/L) 14.00 (10.80–20.00) 17.00 (13.00–25.00)

AST (U/L) 21.78 ± 7.39 22.11 ± 6.79

GGT (U/L) 20.00 (14.00–30.00) 21.61 (15.93–31.87)

Data are expressed as mean ± SD, number (percentage), or median (IQR). 

ALT, alanine transaminase; AST, aspartate aminotransferase; WHR, 

waist-to-hip ratio; BMI, body mass index; FPG, fasting glucose; GGT, 

glutamyl transferase; HDL-C, high-density lipoprotein cholesterol; 

HOMA-B, homeostasis model assessment of β cell function; HOMA-IR, 

homeostasis model assessment of insulin resistance; PBG, post-load 

plasma glucose; TG, triglyceride. See also Figures S2 and S3.
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However, it was slightly compromised by lacking a sufficient 

number of participants in the SN_2009–2021 cohort (Table 1).

Development of a risk visualization tool for prediabetes 

progression

To assist clinicians and patients in demonstrating and visual

izing the risks of progression to diabetes and associated com

plications in individuals with prediabetes, we developed an 

application (https://www.rjh.com.cn/2018RJPortal/4c/preDM- 

ddrtree/). Individuals can be placed within the prediabetes 

continuum (tree structure) according to their risk profiles, 

with predictions made for T2DM, CKD, and CVD over a 

5-year period. These risk predictions are based on age, 

gender, and twelve continuous phenotypic measures used to 

define the tree structure. Using DDRTree dimensions with 

age and gender, the estimated receiver operating character

istic area under the curve (ROC AUC) values of T2DM, CKD, 

and CVD were 0.632, 0.706, and 0.716, respectively. For 

CVD subtypes, the model performance ranged from ROC 

AUC 0.698 to 0.705. External validation demonstrated ROC 

AUC values between 0.700 and 0.814, with good calibration 

across the models.

DISCUSSION

In this study, we employed the DDRTree algorithm to elucidate 

the heterogeneity of prediabetes in a nationwide, population- 

based prospective Chinese cohort and validated it in another 

independent cohort. The resulting tree structure demonstrated 

four distinct metabolic branches based on 12 clinically relevant 

continuous phenotypic variables, which can effectively repre

sent the differences in metabolic profiles and distinguish the 

risk of 5-year disease outcomes including incident T2DM, 

CKD, CVD, and even subtypes of CVD (MI, stroke, and 

heart failure). This study applies the DDRTree model to stratify 

prediabetic populations based on phenotypic profiles and 

Figure 1. A visual representation of the phenotypic characteristics of 55,777 participants with prediabetes 

(A) DDRTree was used to reduce the 12 clinical variables (BMI, WHR, HOMA-IR, HOMA-B, ALT, AST, GGT, FPG, PBG, HbA1c, TG, and HDL-C, residualized for 

age and gender into a non-linear tree structure [N = 55,777]). The values of clinical variables are overlayed on the tree structure to visualize the distribution of each 

variable over the reduced tree structure. Each point in the figure represents one individual. 

(B) Linear regression (N = 55,777) estimates (with 95% CI) between the DDRTree dimensions and the 12 clinical variables, showing the association between 

variables and dimensions. 

(C) Spatial autocorrelation (N = 55,777 for each spatial correlation analysis) of the 12 variables. The Moran’s I statistic is shown on the x axis, with higher values 

representing variables that are more strongly autocorrelated; all values were at p < 0.0001. 

(D) Attribution of numbers to four phenotypes based on four branches (from 1 to 4). 

See also Table S1 and Figure S1.
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emphasizes the importance of personalized management stra

tegies in prediabetes care.

In the face of challenges including obesity, unhealthy dietary 

habits, and an aging demographic, approximately 35.2% of Chi

nese adults were estimated to be prediabetic.17 Prediabetes is a 

multifaceted disease, where glucose measures alone inade

quately capture the risk variations among individuals. Including 

variables representing body fat, glycemic measures, insulin 

resistance, blood lipids, and liver enzymes promotes the early 

identification of precision subgroup for prediabetes.

Intriguingly, beyond well-known T2DM risk factors such as 

glucose, body fat, and insulin resistance,18 elevated levels of 

fasting triglycerides and liver enzymes were also observed in 

phenotype 4 conferring a significant increase in future diabetes 

risk. This aligns with previous studies suggesting that elevated 

or even high-normal levels of liver enzymes could be indicative 

of an elevated diabetes risk.19,20 Phenotype 3, characterized 

primarily by highest obesity indices, insulin resistance, and gly

cemic levels but lowest HDL-C levels, presented the highest 

risk for future CKD. Abnormalities in HDL-C led to a subsequent 

reduction in its antioxidant and anti-inflammatory activities, 

which serve as major contributors to the pathogenesis of 

CKD-associated dysfunctions.21 The mechanisms responsible 

for this renal damage were diverse and mainly involved hemo

dynamic alterations, oxidative stress, podocyte viability, and 

activation of the renin-angiotensin-aldosterone system.22–24

These factors might also explain why phenotype 3 had a 

much greater probability of incident CKD than phenotype 4, 

despite both phenotypes displaying unhealthy metabolic 

profiles.

Different CVD subtypes, including stroke, MI, and heart failure, 

exhibited distinct risk distributions across the tree diagram. MI 

presented a higher risk in phenotype 3, while heart failure showed 

a higher risk in phenotype 4. These results mainly highlighted the 

effects of obesity indices and insulin resistance, especially 

HbA1c and HDL-C levels, on the onset of MI.25–27 In addition to 

these parameters, the distribution of heart failure emphasized 

cardiohepatic interactions, which correspond to the gradient 

pattern of liver enzymes.28 Overall, we have provided a clear vi

sual representation that distinguishes the risk among CVD sub

types, thereby facilitating more precise prediction.

Compared with traditional methods of prediabetes classifica

tion, such as clustering approaches,6,9 the DDRTree methodology 

offers a more detailed and comprehensive representation of the 

complexity and continuity in prediabetes progression. In previous 

research, Wagner et al. and our team utilized the k-means clus

tering method to classify prediabetes into distinct groups, thereby 

providing an accurate depiction of the risks for future diabetes and 

complications for each group.6,9 The k-means algorithm, known 

for its simplicity and suitability for large datasets, provides clear 

A

DC

B

Figure 2. Visualizing the heterogeneity in prediabetes progression in participants with prediabetes 

(A) Predicted probability of incident T2DM (N = 3,615) over a 5-year period (N = 47,692). 

(B) Probability of incident CKD (N = 1,020) over a 5-year period (N = 37,409). For all outcomes (A and B), probabilities were generated from Cox hazard risk models 

constructed with DDRTree dimensions. 

(C) HRs (95% CIs) of DDRTree dimensions for each outcome from Cox hazard risk models. 

(D) Spatial autocorrelation of incident T2DM and CKD. Moran’s I statistic is shown on the x axis, with higher values representing clinical variables that are more 

strongly autocorrelated; all values were at p < 0.0001. All predictions are from the models with DDRTree dimensions. 

See also Figure S1.
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clustering results and is particularly effective when data structures 

are relatively straightforward with well-defined boundaries. How

ever, when dealing with continuous phenotypic and complex hier

archical representation of disease heterogeneity, the DDRTree al

gorithm was chosen over conventional methods like k-means 

because it preserves the continuous and nonlinear structure of 

phenotypic heterogeneity, allowing for a more interpretable trajec

tory-based representation of prediabetes subtypes. Unlike 

k-means, which forces hard clustering, DDRTree organizes indi

viduals along a continuum, capturing transitional states between 

Figure 3. Visualizing the heterogeneity in CVD outcomes in participants with prediabetes 

(A) Predicted probability of total CVD, stroke, MI, and heart failure over a 5-year period (cases/N = 933/47,818, 582/44,066, 142/46,493, and 70/46,270). For all 

outcomes, probabilities were generated from Cox hazard risk models constructed with DDRTree dimensions. 

(B) HRs (95% CIs) of DDRTree dimensions for each outcome from Cox hazard risk models. 

(C) Spatial autocorrelation of CVD outcomes. Moran’s I statistic is shown on the x axis, with higher values representing variables that are more strongly auto

correlated; all values were at p < 0.0001, all predictions are from the models with DDRTree dimensions. 

See also Figure S1.
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subtypes. Compared to other clustering methods, such as 

random forests, DDRTree provides a low-dimensional, biologi

cally interpretable structure that facilitates the visualization of 

metabolic progression. It provides a more understandable two-di

mensional visualized model, which allows prediction of 

prediabetes progression at the individual level. Rather than 

defining individuals within each subgroup as homogeneity, 

combining continuous phenotypic measures to predict specific 

outcomes for individual patients probably has greater clinical util

ity.15 Moreover, we have developed a user-friendly, web-based 

tool that provides risk scores, offering clinicians and patients an 

accessible means to guide personalized management strategies 

for prediabetic population.

Our study has several strengths. We applied the DDRTree 

algorithm to prediabetes in a nationwide population-based 

prospective cohort study. The large sample size enabled us 

to construct a robust two-dimensional tree structure, which 

excels in exploring disease progression and understanding 

heterogeneity, making it a valuable tool for capturing the intri

cate dynamics of disease evolution. This analysis provided a 

comprehensive continuous description of prediabetes hetero

geneity, contributing to a more personalized prediabetes care. 

Particularly for individuals at high risk of diabetes and compli

cations, especially specific CVD subtypes (stroke, MI, and 

heart failure), the DDRTree-based prevention strategy might 

bring benefits.

In conclusion, in the large-scale nationwide prospective 

cohort of prediabetes, we captured the intricate dynamics of 

prediabetes progression via the DDRTree algorithm, empha

sizing the need for personalized approaches in prediabetes 

care and highlighting the complex interplay of phenotypic factors 

in disease risk stratification.

A

B C

Figure 4. A visual representation of the phenotypic characteristics of (N = 1,649) participants with prediabetes at baseline in SN_2009–2021 

study 

(A) The distribution of 12 clinical variables (WHR, BMI, HOMA-IR, HOMA-B, ALT, AST, GGT, FPG, PBG, HbA1c, TG, and HDL-C) over the reduced tree structure. A 

mapping function was used to position individuals in SN_2009–2021 study (N = 1,649) onto the 4C (reference) tree. Each dot represents the position of one 

individual from the SN_2009–2021 study. The magenta color of the point indicates higher values of the clinical variable, and the yellow color indicates lower 

values. 

(B) Linear regression (N = 1,649) estimates (with 95% CI) between the DDRTree dimensions and the 12 clinical variables, showing the association between 

variables and dimensions. 

(C) Spatial autocorrelation (N = 1,649 for each spatial correlation analysis) of the 12 variables. The Moran’s I statistic is shown on the x axis, with higher values 

representing variables that are more strongly autocorrelated.
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Limitations of the study

Our study has several potential limitations. First, we only re

cruited Chinese individuals aged 40 years and old, limiting the 

generalizability to other ethnic and age groups. Second, an 

average follow-up time of 3.8 years seems relatively short, espe

cially for a population with prediabetes. Due to the relatively short 

period of follow-up duration, the statistical power for estimating 

individual complication risks might also be slightly compro

mised. Nevertheless, we observed 3,615 T2DM, 1,020 CKD, 

and 933 CVD events. Future work should integrate data from 

large-scale, multi-cohort studies to enhance long-term predic

tions and refine early complication risk models. Third, inflamma

tory markers may improve the discriminatory power of the tree 

structure; however, they were not measured in this cohort. To 

enhance the generalizability of our model, we focused on utilizing 

clinically available indicators. The lack of newer biomarkers (e.g., 

inflammatory cytokines, gut microbiota composition, and adipo

kines) limits our ability to achieve a more comprehensive under

standing of metabolic heterogeneity and its relationship with 

various complications. Fourth, although we treated individual 

traits as independent features in the modeling process, we 

acknowledge that interactions among these traits may exist 

and contribute jointly to disease risk. While our clustering 

approach may have captured some of these combined effects 

indirectly, future work incorporating explicit modeling of trait in

teractions may further enhance the interpretability and predictive 

power of the model. Finally, beyond the phenotypic heterogene

ity represented by the tree, further exploration is needed to un

derstand other forms of heterogeneity in the genetic etiology of 

prediabetes, including genetic factors or any family history of 

diabetes. The lack of genetic data in this study limits such ana

lyses, which remains an important direction for future research.
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STAR★METHODS

KEY RESOURCES TABLE

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Cohort and variable definitions

We used two community-dwelling prospective cohort datasets for this analysis: (1) 4C study —a nationwide, multicenter, prospec

tive, population-based study among Chinese adults; (2) SN_2009–2021 —a prospective cohort established in Songnan District, 

Shanghai, China.

4C study

The 4C study was designed to examine the relationship between glycemic parameters and clinical outcomes, including diabetes, 

CVD, cancer, and mortality.3,9,29 The study design of the 4C Study has been described in detail previously.3 From 2011 to 2012, a 

total of 193,846 adults aged over 40 years old were recruited from 20 communities located at different geographical regions across 

mainland China. A comprehensive set of questionnaires, clinical measurements, and laboratory examinations were carried out at the 

baseline visit. Body weight, height, waist circumference, and hip circumference were measured according to a standard protocol by 

trained study nurses.30 Three blood pressure measurements obtained with participants in a seated position after five minutes of quiet 

rest using an automated electronic device (OMRON Model HEM-752 FUZZY, Dalian, China), were averaged for analysis.

All participants underwent an OGTT, and plasma glucose was obtained at zero and two hours during the test. Plasma glucose 

concentrations were analyzed locally using a glucose oxidase or hexokinase method within two hours after blood sample collection 

under a stringent quality control program. Hemoglobin Capillary Collection System (Bio-Rad Laboratories, CA, USA) was used to 

collect finger capillary whole blood and shipped at 2◦C-8◦C to a certificated central laboratory at Ruijin Hospital. This clinical labo

ratory is certificated by the US National Glycohemoglobin Standardization Program and passed the College of American Pathologists 

(CAP)’s Laboratory Accreditation Program. HbA1c was determined using high-performance liquid chromatography (VARIANT II Sys

tem, Bio-Rad Laboratories, CA, USA). Serum insulin, ALT, AST, GGT, HDL-C, and TG were measured at the central laboratory using 

an auto-analyzer (ARCHITECT ci16200 analyzer, Abbott Laboratories, Illinois, USA).

The eGFR was calculated using the chronic kidney disease epidemiology collaboration (CKD-EPI) equation. Insulin resistance was 

estimated using the HOMA-IR index with the following formula: fasting insulin (μIU/mL) × fasting glucose (mg/dL)/405. β-cell function 

was estimated using the HOMA-B index with the following formula: (360×fasting insulin [μIU/mL])/(fasting glucose [mg/dL]–63).31

During 2014–2016, all participants were invited to attend an in-person follow-up visit. Trained staff queried medical history using 

the same standard questionnaire as was used at baseline visit. Anthropometric values and blood pressure were measured, OGTT 

was performed, and blood samples were obtained using the same protocols as used during the baseline examination.

In the 4C study, 64,650 participants were diagnosed with prediabetes based on OGTT and HbA1c measurements. Among them, 

7,416 participants with missing data in biochemical detection and physical measurement, and 1,457 participants with outlier values 

for the clustering variables were excluded. Finally, 55,777 individuals diagnosed with prediabetes were included in the analysis 

(Figure S2). To ensure a robust and unbiased selection of clustering variables, we employed a forward stepwise logistic regression 

model to identify the most important biomarkers independently associated with T2DM based on the collected anthropometric and 

biochemical measurements. Variables with statistical significance (p < 0.05)9 were retained for clustering, including BMI and WHR as 

measures of adiposity; HOMA-IR and HOMA-B as indicators of insulin resistance and β-cell function; and a range of glycemic and 

metabolic markers (FPG, 2 h PG, HbA1c, TG, HDL-C, ALT, AST, and GGT).

The 4C study was approved by the Medical Ethics Committee of Ruijin Hospital affiliated to the Shanghai Jiaotong University 

School of Medicine, Shanghai, China. All participants signed the written informed consent.

REAGENT or RESOURCE SOURCE IDENTIFIER

Biological samples

Serum samples of cases and controls 4C study Serum samples of cases and controls

Software and algorithms

R version 4.3.3 R-Project https://www.r-project.org/

DDRTree algorithm:R package monocle version 2.34.0 Bioconductor https://www.bioconductor.org/packages/ 

release/bioc/html/monocle.html

Spatial autocorrelation analysis:R package spdep version 1.3.5 R CRAN https://mirrors.tuna.tsinghua.edu.cn/CRAN/
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SN_2009–2021 cohort

SN_2009-2021 study, a community-dwelling prospective cohort including 4,012 individuals aged ≥40 years old was established 

from Songnan region in Shanghai, China, from June to August 2009, and followed until November 2021.32,33 All participants received 

the OGTT, and blood samples were collected at 0 and 2 h. FPG and PBG were measured using the glucose oxidase method on an 

autoanalyzer (ADVIA-1650 Chemistry System, Erlangen, Germany). Plasma and serum samples were collected and immediately 

stored in Eppendorf tubes at -80◦C. ALT, and lipids were measured with an autoanalyzer (ADVIAVR 1650 Chemistry System, Bayer 

Corporation, Leverkusen, Germany); serum insulin was measured using an electrochemiluminescence assay (Roche Diagnostics, 

Basel, Switzerland) and HbA1c was determined by the method of automated high-performance liquid chromatography analyzer 

(Bio-Rad, Hercules, CA). Based on OGTT and HbA1c tests, we identified 1,649 adults with prediabetes and complete baseline infor

mation from this cohort at baseline (Figure S3). The median follow-up was 12.4 (12.3–12.4) years.

METHOD DETAILS

Definitions of prediabetes

Prediabetes was defined according to the American Diabetes Association 2010 criteria as follows,34 among participants without dia

betes, FPG of 5.6–6.9 mmol/L, PBG of 7.8–11.0 mmol/L, or HbA1c of 5.7%–6.4%.

Outcome assessment

Diabetes: In the 4C study, incident diabetes was defined as FPG ≥7.0 mmol/L, 2h post-load glucose ≥11.1 mmol/L, or HbA1c ≥

6.5%, or physician-diagnosed diabetes.29 In the SN_2009-2021 study, incident diabetes was defined as physician-diagnosed dia

betes based on National Health Insurance System.

CKD: The composite outcome of CKD included incident kidney failure requiring dialysis or replacement therapy, death due to renal 

causes, decline in eGFR defined as eGFR <60 mL/min/1.73 m2 at follow-up or a certain drop in eGFR category (from eGFR ≥90 mL/ 

min/1.73 m2 at baseline to eGFR in 60–89 mL/min/1.73 m2 at follow-up) accompanied by a 25% or greater reduction in eGFR from 

baseline.35,36

CVD: Information on vital status and clinical outcomes was collected from the local death and disease registries of the National 

Disease Surveillance Point System and the National Health Insurance System. Major CVD events included the first nonfatal myocar

dial infarction, nonfatal stroke, hospitalization or treatment for heart failure that occurred during follow-up, and cardiovascular death.3

QUANTIFICATION AND STATISTICAL ANALYSIS

Baseline characteristics of the study participants were presented as mean ± SD or median (interquartile range) for continuous vari

ables, and number (percentage) for categorical variables.

Data dimensionality reduction with DDRTree

Missing values or outliers exceeding 5 SD from the mean were excluded, followed by rank normalization of the data. We further 

adjusted each variable for age and gender using linear regression analysis. The resulting age-and gender-residualized matrix of 

variables was input into the DDRTree algorithm from Monocle R package to reduce the multi-dimensional residualized matrix into 

a two-dimensional non-linear tree structure.37 A smoothed graph was constructed from the reduced data, with similar data points 

positioned adjacently to form a tree structure with branches. Individuals located in the tree trunk represented the central cluster 

of the data, characterized by mixed variables, while increasingly similar and distinctive phenotypic patterns were observed toward 

the distal branches. The output was a 2D tree structure and each point represented one individual, which allowed for the continuous 

visualization of phenotypic profile and disease risks along the tree. To facilitate interpretation, we assigned individuals to four phe

notypes based on the DDRTree branches they located. However, as this was a soft clustering approach, membership across phe

notypes existed on a continuum rather than representing discrete homogeneous groups.

Risk estimates of prediabetes-related outcome

To evaluate the individual risk of each prediabetes progression outcome over a 5-year follow-up period, we obtained predicted prob

abilities from Cox hazard risk models using the dimension 1 and 2 of the tree as independent variables and further overlaid it on the 

tree diagram to visualize the heterogeneity in prediabetes progression. The dimension 1 and 2 derived from the soft-clustering pro

jection represent individuals’ positions in the reduced phenotypic space. These dimensions are continuous numerical variables 

without a predefined clinical scale, reflecting underlying variation across multiple metabolic traits. Effect estimates (HRs or ORs) 

were calculated per one-unit increase in each dimension. The proportional hazards assumption for the Cox models was assessed 

using Schoenfeld residuals.

Quantitative the distribution pattern across the tree

Beyond the visual gradient, we used two metrics to assess the distribution pattern of the phenotypic profile and probabilities across 

the tree. First, we regressed each clinical variable against the tree dimensions and plotted the regression coefficients and 95% CIs. 
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For each outcome, we derived HRs with 95% CIs from the Cox models, indicating how the risk of prediabetes progression outcomes 

varied across the two-dimensional space (x axis and y axis). Second, we conducted spatial autocorrelation analysis using global and 

local Moran’s I-statistics.38 A positive Moran’s I value suggests that similar values (variable/event probabilities) cluster together, 

whereas a negative value indicates that dissimilar values are located in close proximity.

Constructing mapping function for external validation

For external validation in SN_2009-2021 study, we constructed a ‘‘mapping function’’ to map individuals with prediabetes to the 4C 

reference tree. This function uses twelve prediabetes-related clinical variables (WHR, BMI, HOMA-IR, HOMA-B, ALT, AST, GGT, 

FPG, PBG, HbA1c, TG, and HDL-C), while accounting for age and gender, to assign each individual a position in the 4C tree. The 

mapping function comprises two components: (1) two generalized additive models with smooth terms fitted with cubic regression 

splines to predict the two DDRTree dimensions with twelve variables, age and gender as covariates, which had great performance 

with adjusted R2 values of 0. 913 and 0.758, respectively Table S2); and (2) a distance-estimating algorithm to calculate the Euclidean 

distance between points in the two-dimensional space. In brief, we utilized individuals’ clinical information (i.e., the original clustering 

variables) to obtain temporary 2D coordinates. Each individual was then assigned to the nearest node on the original DDRTree based 

on Euclidean distance. For an individual, when all twelve variables, as well as age and gender are provided, a personal position on the 

tree was determined by the trained spline model and its’ distance to all 55,777 nodes in the 4C tree were calculated by the distance- 

estimating algorithm to assign this individual to the nearest node. All 1,649 with prediabetes were then mapped on the 4C tree by this 

process. Then, the variables and predicted probabilities of prediabetes-related outcomes from SN_2009-2021 cohort were overlaid 

onto this tree, which show similar distribution across the tree compared to the 4C cohort. Finally, Cox proportional hazard models 

were constructed using a similar approach as in the 4C study for T2DM and CVD outcomes, while a logistic regression model was 

employed to assess the risk and probability of CKD. The HR/OR values presented in the figures reflect the occurrence of the outcome 

event (0/1) across the distribution of the tree structure. Specifically, these are based on each individual’s coordinates along dimen

sion 1 or dimension 2, capturing how the risk of the outcome changes within this two-dimensional space.

All statistical analyses were performed using R software (version 4.3.3).
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