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Data-driven phenotypic profiling @
of prediabetes reveals heterogeneous
cardiometabolic risks in Chinese adults
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Abstract

Background The heterogeneous and complex nature of prediabetes presents a major challenge in identifying
individuals predisposed to developing incident diabetes and related complications. We aimed to identify phenotypic
subgroups of prediabetes at risk and to explore their distinct associations with cardiometabolic outcomes.

Methods This study included 79,000 individuals with prediabetes from the three large-scale prospective cohorts in
China. Phenotypic heterogeneity was identified using a soft-clustering algorithm based on the proximity network
derived from uniform manifold approximation and projection (UMAP), combined with graph-clustering and
Gaussian mixture models. Associations between phenotype probabilities and the incidence of type 2 diabetes (T2D),
cardiovascular disease (CVD), and kidney events were assessed to evaluate risk differences across the identified
profiles.

Results Six phenotypic profiles were identified, including five with distinct metabolic features (representing ~70%
of the total population), and one without significant features. These profiles demonstrated substantial differences in
both baseline cardiometabolic burden and future disease risk. For instance, individuals with a 20% higher probability
of belonging to the hypertensive profile had a 9, 6, and 12% higher risk of T2D, CVD, and CKD, respectively, while the
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profile with high lipids, creatinine, and liver enzyme was associated with an 10% increased risk of T2D and kidney
events. Moreover, incorporating phenotypic probabilities into multivariable models significantly improved the

prediction of disease risks (likelihood ratio test, P<0.05).

Conclusions Prediabetes exhibits substantial phenotypic heterogeneity, and delineation of distinct metabolic
profiles enables refined risk stratification and informs precision prevention strategies.
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Research insights
‘What is currently known about this topic?

Prediabetes is a heterogeneous condition, but conven-
tional clustering methods struggle to capture its com-
plexity for effective risk stratification. There is a pressing
need for more robust, reproducible, and clinically infor-
mative subtyping strategies, particularly in large prospec-
tive cohorts, to enhance risk stratification and enable
personalized preventive interventions.

What is the key research question?

Can a soft-clustering approach identify clinically mean-
ingful phenotypic subgroups of prediabetes with distinct
cardiometabolic risk profiles?

What is new?

This study applied a UMAP-based soft-clustering
method to identify six phenotypic profiles in a large
Chinese cohort, revealing differential risks of diabetes,
cardiovascular, and kidney outcomes. Incorporating phe-
notypic probabilities improved disease risk prediction
and supports precision prevention strategies.

How might this study influence clinical practice?

The findings emphasize the heterogeneous nature of
prediabetes and demonstrate that specific metabolic phe-
notypes are differentially associated with progression to
diabetes and its complications. Refined phenotypic clas-
sification may improve early risk prediction and guide
personalized preventive strategies for individuals with
prediabetes.

Introduction

Prediabetes is a highly prevalent metabolic condition
with substantial global burdens, projected to affect 638
million people with impaired glucose tolerance (IGT)
and 414 million people with impaired fasting glucose
(IFG) by 2045 [1]. The diagnostic thresholds of predia-
betes variable across countries and institutions. Given
the defination according to the American Diabetes
Association (ADA) criteria, with fasting plasma glucose
5.6—-6.9 mmol/L, 2 h plasma glucose 7.8—11.0 mmol/L
or HbAlc 5.7-6.4% [2—4], was widely used in both inter-
national and national studies, we applied this in current
study to ensure comparability with previous research and
relevance to the Chinese population. In China, nearly
one-third of the population has been reported to have
prediabetes [3]. This condition is strongly associated with

life-threatening conditions such as type 2 diabetes (T2D),
cardiovascular diseases (CVD), and chronic kidney dis-
ease (CKD) [5, 6].

The heterogeneous and complex nature of prediabe-
tes presents a major challenge in identifying individuals
predisposed to developing incident T2D and its compli-
cations. Although early interventions could delay or pre-
vent the onset of diabetes [7, 8], current glucose-based
diagnostic criteria for prediabetes are inadequate to
capture its pathophysiological heterogeneity or to pre-
dict disease progression and complications, with some
individuals even persisting in a metabolically stable state
over the long-term without progression to overt diabetes
[9]. This clinical heterogeneity further implies that pre-
diabetes is not a uniform condition, but rather comprises
multiple biologically distinct subtypes, whose underlying
mechanisms and long-term risks remain incompletely
understood.

Conventional data-driven clustering approaches are
often more challenging due to the model selection, ana-
lytical frameworks and parameter estimations [10]. These
limitations are particularly evident in biological systems,
where variables often exhibit nonlinear dependencies.
Recent studies have proposed several novel classifications
for prediabetic population [4, 6, 9, 11]. For example, using
a k-means clustering method, Wagner et al. identified six
distinct clusters based on clinical and genetic variables
to reveal pathophysiological heterogeneity of predia-
betes [6]. Building upon this, our previous work further
stratified Chinese individuals with prediabetic into six
subgroups with distinct disease risk profiles [4], under-
scoring the substantial heterogeneity within the predia-
betic state. These findings suggest that multidimensional
phenotypic stratification could enhance disease risk
assessment [12]. However, conventional clustering meth-
ods remain limited in their ability to capture within-
cluster differences, non-linear cluster boundaries, and
the high-dimensional complexity in biological data [10,
13]. It is therefore critical to develop and validate more
robust, reproducible, and clinically meaningful subtyping
strategies, especially in large prospective cohorts, to bet-
ter clarify individual risk profiles and facilitate personal-
ized therapeutic prevention for prediabetes.

To address this gap, we applied a combination of
unsupervised clustering approach integrating uniform
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manifold approximation and projection (UMAP), graph-
clustering techniques with Gaussian mixture models
(GMM), to characterize phenotypic heterogeneity among
individuals with prediabetes from a large-scale nation-
wide population-based Chinese cohort. Rather than
categorically assigning individuals to a specific profile,
each participant was characterized by a probability dis-
tribution across all profiles, reflecting the continuum
of metabolic variation. We investigated the clinical and
metabolic features of these profiles and their associations
with the risk of T2D and related complications in the
China Cardiometabolic Disease and Cancer Cohort (4C)
study. The robustness and generalizability of the profiles
were further confirmed in two independent validation
cohorts. This study provides novel insights into the phe-
notypic architecture behind prediabetes, and establishes
a conceptual and methodological framework to inform
early risk stratification and personalized preventive
strategies.

Methods

Ascertainment of baseline glucose tolerance status
Prediabetes was defined according to the 2010 Ameri-
can Diabetes Association criteria [2]. Among par-
ticipants without diabetes, prediabetes was defined as
having fasting plasma glucose (FPG) of 100-125 mg/dL
(5.6—-6.9 mmol/L), or 2 h postprandial plasma glucose
(2 h-PG) level of 140-199 mg/dL (7.8-11.0 mmol/L), or
HbA1lc level of 5.7-6.4%.

Study subjects

To explore the heterogeneity of prediabetes, we used
a nationwide data from the 4C Study as our discovery
dataset, and two independent population-based cohorts:
the Xinjiang Study (XJ_2011) and the Songnan Study
(SN_2009) as validation datasets (Fig. 1).

Discovery dataset: The 4C is a nationwide, population-
based, prospective cohort study. The study design of the
4C Study has been described in detail previously [14,
15]. A total of 193,846 adults aged 40 years or older were
recruited during 2011-2012, and 170,240 (87.8%) partici-
pants attended an in-person follow-up visit between 2014
and 2016. For the current analysis, 88,998 participants
with prediabetes at baseline were initially eligible. Par-
ticipants with missing data on any of the nine clustering
variables (N =15,773) or with extreme outlier values (>5
SD from the mean; N =1345) were excluded. Ultimately,
71,880 individuals with prediabetes were included in the
final analysis. The mean follow-up duration was 3.8 years.

Replication dataset 1: XJ_2011 study, a community-
dwelling prospective cohort including 9834 individuals
aged 240 years old, was established in Karamay region
of Xinjiang, China, from March to June 2011 [16], and
followed until November 2021. From this cohort, 5293
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adults with prediabetes and complete baseline informa-
tion were identified. The mean follow-up period was
10.4 years.

Replication dataset 2: SN_2009 study, a community-
dwelling prospective cohort including 4012 individuals
aged =40 years old was established in Songnan region of
Shanghai, China, from June to August 2009 [17], and fol-
lowed until November 2021. We identified 1827 adults
with prediabetes and complete baseline information from
this cohort. The mean follow-up was 11.8 years.

Each of study was approved by the Medical Ethics
Committee of Ruijin Hospital, Shanghai Jiao Tong Uni-
versity School of Medicine, Shanghai, China. All study
participants provided written informed consent.

Data collection

Trained technicians administered standardized question-
naires to collect demographic characteristics (age and
sex), as well as smoking status, and medical history. All
study participants had measured blood pressure, body
weight, height, waist circumference, and hip circumfer-
ence according to a standard protocol during the clinic
visit. Body mass index (BMI) was calculated as the body
weight (in kilograms) divided by height (in meters)
squared. Three readings of systolic and diastolic blood
pressures (SBP and DBP) were taken from the non-dom-
inant arm of seated participants after at least 5-min rest,
and the average was used for analysis. Hypertension was
defined as a SBP > 140 mmHg, DBP > 90 mmHg, or treat-
ment with antihypertensive medications.

Blood samples were collected at 0 and 2 h duringa 75 g
oral glucose tolerance test (OGTT) following an over-
night fast of at least 10 h. In the 4C and X]J_2011 study,
HbAlc was measured by high-performance liquid chro-
matography using the VARIANT II Hemoglobin Testing
System (Bio-Rad Laboratories). Serum insulin, creatinine,
alanine transaminase (ALT), total cholesterol (TC), high-
density lipoprotein cholesterol (HDL-C) and triglycerides
(TG) were measured using an auto-analyzer (ARCHI-
TECT ci16200, Abbott Laboratories, Chicago, IL, USA).
In the SN_2009 study, serum creatinine, ALT, and lipids
were measured with an autoanalyzer (ADVIAVR 1650
Chemistry System, Bayer Corporation, Leverkusen,
Germany). Serum insulin was measured using an elec-
trochemiluminescence assay (Roche Diagnostics, Basel,
Switzerland). Homeostasis model assessment of insulin
resistance (HOMA-IR) was calculated as fasting insulin
(uIU/mL) x fasting glucose (mg/dL)/405 [18].

Follow-up and outcomes

In the 4C study, T2D was defined as FPG of 7.0 mmol/L
or more, 2 h-PG of 11.1 mmol/L or more, or HbAlc of
6.5% or more, or a self-reported previous diagnosis of
diabetes by healthcare professionals. In XJ_2011 and
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111. Visualization and clustering
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Fig. 1 Study flowchart and model structure. Three independent cohorts were included in the study. The discovery cohort consists of 71,880 individuals
with prediabetes from various geographical regions in China. Validation cohort 1 (XJ_2011) included 5293 individuals with prediabetes from Karamay
region in Xinjiang, China. Validation cohort 2 (SN_2009) included 1827 individuals with prediabetes from Songnan region in Shanghai, China. Nine clinical
variables were retrieved as potential phenotypic biomarkers for the subclassification of prediabetes. The flowchart depicted the overall analytic steps,
with details about the ensemble algorithms used to transform biomarker characteristics into probabilistic profiles. PCA, principal components analysis

SN_2009, incident diabetes was defined as physician-
diagnosed diabetes based on National Health Insurance
System.

Estimated glomerular filtration rate (eGFR) was calcu-
lated using the Chronic Kidney Disease-Epidemiology
Collaboration (CKD-EPI) equation [19]. In the 4C study,
the composite outcome of major adverse kidney events
included incident kidney failure requiring dialysis or
replacement therapy, death due to renal causes, a decline
in eGFR defined as eGFR <60 mL/min/1.73 m” at follow-
up, or a certain drop in eGFR defined as a 25% or greater
reduction from baseline. In XJ_2011 and SN_2009 study,
incident kidney events were defined as death due to renal
causes, an eGFR<60 mL/min/1.73 m? at follow-up or
a>25% reduction in eGFR from baseline.

Major CVD events included the first nonfatal myo-
cardial infarction, nonfatal stroke, hospitalization or

treatment for heart failure that occurred during follow-
up, and cardiovascular death. Information on vital status
and clinical outcomes was collected from the local death
and disease registries of the National Disease Surveil-
lance Point System and the National Health Insurance
System. Two members of the Morbidity and Mortality
Adjudication Committee independently adjudicated each
clinical event.

Statistical analysis
Baseline characteristics of participants were described
as means (standard deviations [SDs]) or medians (inter-
quartile ranges [IQRs]) for continuous variables and
numbers (proportions) for categorical variables.
Clustering feature: We selected nine phenotypic bio-
markers routinely used in clinical practice for risk strati-
fication, each representing distinct biological processes
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known to influence the progression or remission of pre-
diabetes: BMI and waist-to-hip ratio (WHR), represent-
ing adiposity; HOMA-IR, representing insulin resistance;
HDL-C and TG, representing lipid profiles; SBP and DBP,
representing blood pressure; serum creatinine, represent-
ing kidney function; and ALT, representing liver enzyme.
For these nine clustering traits, participants with missing
values or extreme outliers (>5 SD from the mean) were
excluded. We further log-transformed variables with
highly skewed distributions (HOMA-IR, TG, ALT, and
creatinine) to further avoid the impact of extreme values.
Each phenotype was residualized for age and sex using
linear regression analysis. The resulting residuals were
centered and scaled to a mean of zero and a standard
deviation of one, and this standardized matrix was input
into the clustering algorithm without any prior dimen-
sionality reduction.

Dimensionality reduction with UMAP projection: To
conduct dimensionality reduction, we used the imple-
mentation of umap from uwot R package, which projects
high-dimensional data into a two-dimensional space. To
better preserve both the global and local structures from
the original high-dimensional data [20], we calculated
the number of nearest neighbors (nn) based on the total
number of participants in each cohort (N,) through
the following equation: nn=max (10, 10+15x(log;,
(Nioa) —4)), as well as the “binary_edge_weights” param-
eter was set to “TRUE”. Furthermore, we set the “dens_
scale” parameter to 1 to ensure that individuals in densely
connected regions appear closer together in the projec-
tion [21].

Graph-clustering on UMAP’s underlying proximity
network: Based on visually discernible subgroups in the
UMATP projections, we applied a series of iterative graph-
clustering techniques. We used the leading eigenvector
algorithm [22] to identify initial seeds, which were then
used to run the Leiden algorithm [23], implemented via
the igraph R package (v.2.1.2). To identify strongly inter-
connected regions and optimize the modularity, we per-
formed over 500 iterations of the Leiden algorithm. This
process yielded hard partitions, wherein each individual
was exclusively assigned to a single cluster. Additionally,
for each individual, we computed the normalized eigen
centrality scores within their respective clusters to reflect
their relative importance in the local network structure.

Gaussian mixture distribution: We subsequently
employed these centrality scores as weights in the calcu-
lating each cluster’s center and covariance matrix, both
of which served as parameters for a Gaussian mixture
distribution. Notably, clusters located near the center of
the low-dimensional projection—where residual values
approximated zero—exhibited reduced stability across
iterations compared to those at the boundaries. To miti-
gate this instability, we incorporated a “non-significant”
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distribution of residuals into the Gaussian mixture calcu-
lation, with a zero mean and identity covariance matrix,
serving as a stabilizing reference distribution. Conse-
quently, individuals whose profiles were not sufficiently
distinct from the “non-significant” profile tended to have
similar assignment probabilities across both profiles. As
a result, their cluster assignments would lack consistency
across iterations and would not be reliably reproduced
(see ‘Profile replication’ section below). To enhance the
robustness and interpretability of the final clustering
partition, such individuals were reassigned to the “non-
significant” profile. In the subsequent phase, we fixed the
cluster center and covariance matrices while re-estimat-
ing only the cluster weights, which reflect the relative
population proportions of each group. The final partition
incorporated both “non-significant” and significant pro-
files, assigning to each individual a probability score for
each profile, summing to a total of 1.

Profile replication: To assess the robustness and gen-
eralizability of the partitions identified in 4C_2011, we
applied the same analytical pipeline to two independent
cohorts: XJ_2011 and SN_2009. We evaluated whether
individuals who had been confidently assigned to a par-
ticular profile in the 4C_2011 model (i.e., with a prob-
ability>75%) also exhibited similarly high assignment
probabilities (>75%) to a profile in either of the two vali-
dation cohorts. A profile was considered successfully rep-
licated if this condition was met in the 4C Study and in
at least one validation cohort, thereby ensuring that only
consistently observed clusters were retained in the final
model. Following this filtering step, we re-estimated the
weights of the replicated profiles and restricted all down-
stream analyses to these validated clusters. The final
cluster labels were derived based on the average residual
values of the included phenotypes within each cluster.

Connectivity and separation of profiles: To assess
the connectivity within each profile, individuals were
assigned to the profile for which they had the highest
probability. For each resulting profile, we extracted the
corresponding subgraph from the UMAP projection and
computed the global transitivity index, with higher values
indicating greater internal cohesion.

To evaluate the degree of separation between clusters,
we calculated the relative entropy (also known as the
Kullback-Leibler divergence) [24] of the final partition
using the 4C 2011 data. Higher values indicate better
separation, where individuals are clearly assigned to dis-
tinct clusters without overlap.

Profile-specific information at baseline: For each profile,
we calculated summary statistics for all phenotypes by
weighting individual values according to their respective
profile probabilities. To determine the profile-specific
distribution of glycemic status, we first calculated proba-
bility-weighted counts (i.e., each individual was weighted
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by their profile probability), and then divided by the sum-
ming the probability-weighted counts for each glycemic
status within the profile.

Profile-specific information at follow-up: For the prev-
alence of cardiometabolic diseases, we used the same
probability-weighted approach, dividing the weighted
case counts by the sum of profile probabilities. For inci-
dence of T2D and kidney events, all participants with
baseline T2D and kidney diseases were excluded. As the
diagnosis of most T2D and kidney diseases cases was
based on blood glucose and serum creatinine testing con-
ducted simultaneously at baseline and follow-up visits,
the exact time of onset was unavailable. Incidence rates
were calculated by each probability-weighted cases and
dividing by the total probability for that profile. For CVD,
data were censored at the time of CVD diagnosis, death,
or the end of follow-up, whichever occurred first. To esti-
mate the incidence of CVD, the denominator was defined
as the sum of the products between the follow-up time
and the profile probability for each individual. Based on
the estimated prevalence and incidence rates, we calcu-
lated odds ratios (ORs) and risk ratios (RRs) to compare
each markable profile against the “non-significant” refer-
ence profile, employing binomial and Poisson regression
models, respectively. We derived both study-specific and
overall pooled estimates by applying fixed-effects and
random-effects meta-analytic models [25]. Given their
conservative nature and improved robustness, results
from the random-effects models are reported as the pri-
mary findings.

Added predictive value of profiles: To evaluate the
added predictive value of these profiles, we compared the
performance of regression models with and without the
inclusion of profile allocation probabilities. The risk of
CVD was assessed using Cox proportional hazards mod-
els, while logistic regression models were applied for T2D
and kidney disease outcomes.

For each outcome, two models were constructed: (1)
a basic model incorporating a range of established risk
factors, and (2) an extended model included all the risk
factors from the base model and additionally including
log-transformed ratios of profile allocation probabilities.
Due to the inherent sum-to-one constraint of profile
probabilities, we divided the allocation probabilities of
markable profiles by that of the “non-significant” profile
for each individual and used the logarithms of these quo-
tients as predictors. For CVD, the base models incorpo-
rated predictors from PREVENT-base [26, 27], as well
as phenotypes used in our clustering analysis but not
included in PREVENT-base. For T2D and kidney disease,
the base models included all variables used in our clus-
tering analysis, along with current smoking status and
use of antihypertensive and lipid-lowering medications
known to influence the selected phenotypes. The full list
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of covariates is also presented in Supplementary Table 1.
Participants with pre-existing disease were excluded
from these models.

To compare model performance within each cohort,
we employed likelihood ratio tests [28] and assessed dif-
ferences in C-statistics. We further quantified the pro-
portion of additional variance explained by incorporating
profile probabilities, expressed as a percentage of the
total variance explained. This proportion was estimated
using model likelihoods, a robust approach not influ-
enced by arbitrary threshold selection.

Profile-specific risk estimates: In the regression models,
the estimated effect of each profile reflects the expected
change in the outcome resulting from a one-unit increase
in the log ratio of that profile, assuming all other log
ratios and covariates remain constant. Due to the sum-
to-one constraint, this change is equivalent to increas-
ing the probability of the selected profile by a certain
factor, while proportionally reducing the probabilities
of all other profiles—thus preserving the values of the
remaining log ratios. However, changing the probability
of a specific profile inevitably alters both the probabili-
ties of the remaining profiles and the phenotype distribu-
tions, and vice versa. In this framework, profile log ratios
act as interaction terms that modulate the relationship
between phenotypes patterns and clinical outcomes, con-
ditional on the pattern of phenotype characteristics. To
robustly estimate the effect of redistributing profile prob-
ability from the “non-significant” to a selected markable
profile—while maintaining all other markable profiles at
their population levels—we incorporated into the model
the full set of associated changes, including both bio-
marker variations and adjustments in the log-ratio terms.
Profile-specific estimates were derived for each cohort
and then pooled using both fixed-effects and random-
effects meta-analyses [29].

Results

Study population

The study flowchart and model construction process
were shown in Fig. 1. Baseline characteristics are shown
in Supplementary Table 2 and Supplementary Fig. 1.
Individuals with markable phenotypes tended to cluster
into distinct subgroups. We conducted the same analy-
sis in all three independent cohorts separately to identify
stable and reproducible profiles (Supplementary Figs. 2
and 3).

Visualization and clustering of profiles

Based on profiles consistently replicated across cohorts
(Supplementary Fig. 4), we defined a final partition com-
prising five profiles with markable phenotype character-
istics and one without (Fig. 2). The relative entropy of this
final partition was 0.64, indicating moderate separation
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among the identified profiles. We observed that individu-
als with markable phenotypic characteristics exhibited
multivariate profiles that differed substantially from the
non-significant profile. These differences were reflected
in the extent to which phenotype values deviated from
age- and sex-specific expectations (Fig. 2C), in the abso-
lute values of multiple phenotypic biomarkers (Supple-
mentary Figs. 5 and 6), and in the correlation among
these deviations (Supplementary Fig. 7).

Approximately 29.5% individuals exhibited no signifi-
cant phenotypic abnormality, with biomarkers within the
expected range for their age and sex, which we termed
the ‘non-significant feature’ (NSF) profile (Fig. 2B). Dis-
tinct profiles were identified in the remaining individu-
als, representing ~70% of the total population. Around
15.3% of individuals showed a high blood pressure (HBP)
profile, characterized by higher SBP and DBP values. A
high lipids, serum creatinine, and ALT profile (HLP_
SCR_ALT), defined by higher TG and lower HDL-C, as
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well as elevated creatinine and ALT, were observed in
13.4% of individuals. Approximately 11.6% of individuals
were assigned to the high obesity and insulin resistance
(HOIR) profile, characterized by high BMI and HOMA-
IR. Profiles of low HDL-C (LHDL), characterized by
decreased HDL-C and other risk factors, accounted for
13.3% of individuals. About 16.9% of individuals had a
relative healthy (RH) profile, characterized by generally
lower phenotypic biomarker levels except for elevated
HDL-C. Notably, individuals with the NSF profile formed
a less cohesive subgroup, as indicated by a lower transi-
tivity index (Supplementary Table 3), suggesting that pro-
files with significant phenotype features exhibited more
structured and coordinated biomarker patterns.

Distributions of glycemic status across different profiles

As shown in Fig. 3, the crosstabs of the participants’
profile and prediabetes definitions reveal several dis-
tinct patterns. In the LHDL profile, approximately 42%
of participants with prediabetes were identified solely by
HbA1lc>5.7%, while in the RH profile, nearly 16% were
diagnosed based only on FPG>5.6 mmol/L. The HLP_
SCR_ALT, HOIR, and HBP profiles showed a higher
proportion (over 50%) of individuals meeting more than
one glycemic criteria. Around 21% of individuals in
HLP_SCR_ALT profile met all three glycemic thresholds
simultaneously: elevated FPG, 2 h-PG, and HbAlc.

Different profiles and the prevalence of baseline
cardiometabolic diseases

We estimated the profile-specific prevalence of various
cardiometabolic comorbidities associated with the phe-
notypic biomarkers selected using allocation probabilities
as weights (Fig. 4A). The prevalence of cardiometabolic
diseases differed markedly between the NSF profile and
profiles with markable phenotypic characteristics. Partic-
ipants with the RH profile exhibited the lowest burden of

HLP_SCR_ALT

Cluster

LHDL

HOIR

0.00 0.25 0.50
Percentage of subjects
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disease and were significantly less likely to have coronary
heart disease (CHD), myocardial infarction (MI), stroke,
hypertension or kidney disease compared to those in the
NSF profile. Meanwhile, individuals in the LHDL profile
also showed decreased rates of diseases, except for M1. In
contrast, CHD and stroke were more prevalent in HBP,
and CHD was further enriched in HOIR profile.

Aside from the expected enrichment of hyperten-
sion cases in the HBP profile compared with NSF (>12
times greater prevalence than in the NSF profile). Mean-
while, individuals within the HLP_SCR_ALT profile were
approximately 2.5 times more likely to have kidney dis-
eases compared to those in the NSF profile. Among par-
ticipants free from cardiometabolic conditions (CHD,
M, stroke, hypertension and kidney disease), the distri-
bution of profile allocations was largely similar, except for
a lower probability of assignment to HBP profile (Fig. 4B).

We investigated medication use across profiles
(Fig. 4C). The RH profile had significantly lower use of
antihypertensive or lipid-lowering medication compared
to the NSF profile (OR for antihypertensive medication:
0.36, 95% CI 0.33, 0.39; OR for lipid-lowering medication:
0.47, 95% CI 0.33, 0.66). In contrast, anti-hypertensive
therapy was nearly twofold more frequent in the HBP
profile than in the NSF profile. After adjustment for these
medications, the associations between profiles and dis-
ease prevalence remained largely unchanged (Fig. 4A).

Different profiles and incidence estimate of
cardiometabolic diseases

To evaluate the effect of distinct phenotypic profiles
on the incidence of cardiometabolic diseases, we ana-
lyzed data from 4C_2011, XJ_2011 and SN_2009 stud-
ies, and excluded individuals with prevalent diseases at
baseline. Crude incidence estimates of T2D, CVD and
kidney events were calculated for each profile using the
weighted approach described previously (Supplementary

. Glycemic category
FPG 2 5.6 mmol/L
Il rec=78mmon
HbA1C 25.7%
B rG =56 mmoii and PBG = 7.8 mmoliL
. FPG = 5.6 mmol/L and HbA1c = 5.7%
B #8G=7.8 mmoii and HbAtc 25.7%
l FPG 2 5.6 mmol/L and PBG 2 7.8 mmol/L and HbA1c =5.7%

Fig. 3 Proportions of individuals meeting glycemic criteria within each phenotypic profile. NSF, non-significant features; HBP, high blood pressure; HLP_
SCR_ALT, high lipids, serum creatinine, and ALT; HOIR, high obesity and insulin resistance; RH, relatively healthy; LHDL, low HDL-C. FPG, fasting plasma

glucose; PBG, post-load blood glucose
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Fig.4 Associations between phenotypic profiles, prevalent cardiometabolic comorbidities and medication use. A, Odds ratios (ORs) and 95% confidence
intervals (Cls) for selected comorbidities across distinct phenotypic profiles relative to the non-significant feature (NSF) profile, presented before and after
adjustment for lipid-lowering and antihypertensive medications. The dashed line represents the null association. B, Proportions of individuals with each
profile among those without selected cardiometabolic conditions, compared with their distribution in the overall 4C population. C, ORs and 95% Cls for
the use of selected medications across distinct profiles relative to the NSF profile. The dashed line represents the null association

Table 1 Model comparison without and with profile allocation probabilities

Outcome Cohort LRT P value Added vari- C-statistic C-statistic base-  C-statistic Difference
ance explained baseline line + profiles difference P value
(%) model

Type 2 diabetes 4C_2011 1.25%x1073 097 0.642 0.643 0.001 0.064

Type 2 diabetes XJ_2011 0.689 544 0.637 0.637 <0.001 0.963

Type 2 diabetes SN_2009 0.059 957 0.702 0.744 0.042 0214

Incident cardiovascular events 4C_2011 2.84x107* 227 0.748 0.750 0.002 0.052

Incident cardiovascular events XJ_2011 0.927 1.58 0.854 0.855 0.001 0.778

Incident cardiovascular events SN_2009 0.188 748 0.699 0.704 0.006 0.366

Incident kidney events 4C_2011 1.31x10°% 1682 0.718 0.736 0019 2.67x107"

Incident kidney events XJ_2011 0177 9.10 0.724 0.742 0.018 1.37x1072

Incident kidney events SN_2009 3.14x1073 2148 0.849 0.902 0.053 0.088

Likelihood ratio tests, fraction of additional variance explained, and C-statistics comparing models with versus without profile allocation probabilities. LRT, likelihood
ratio test. For CVD outcome, we applied Cox proportional hazards model, whereas for T2D and kidney diseases we used logistic regression models. The bold values

indicated statistical significance

Fig. 8). The RH profile was associated with lower risks
of diseases compared with NSF profile. In contrast, the
HBP, HLP_SCR_ALT, and HOIR profiles were associated
with an increased risk of T2D relative to NSF. Addition-
ally, the HBP profile was associated with a higher risk of
CVD compared with NSF (RR 1.41, 95% CI 1.23, 1.62).
Individuals with the LHDL profile showed higher risk of
incident CKD compared with NSF.

Added predictive value of phenotypic profiles for
cardiometabolic diseases

To assess the added predictive value of phenotypic pro-
files, we incorporated profile allocation probabilities
into base models. In the 4C_2011 study, the inclusion of
profile information significantly improved model perfor-
mance, as shown by likelihood ratio tests and increase in
C-statistics (Table 1). The additional explained variance
in T2D, CVD, and kidney events prediction explained
by the profiles ranged from 0.97 to 16.82%. Although
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Fig. 5 Associations between phenotypic profile probabilities and future risk of cardiometabolic diseases. Odds ratios (ORs) or hazard ratios (HRs) with
95% confidence intervals (Cls) represent the estimated risk associated with a 10 or 20% increase in the probability of assignment to each distinct phe-
notypic profile, offset by a corresponding decrease in the probability of the non-significant features (NSF) profile. Estimates were derived from random-

effects meta-analyses across cohorts

profile information also explained additional variance in
XJ_2011 and SN_2009, the improvements were not sta-
tistically significant based on likelihood ratio tests.
Because profile allocation is inherently derived from
phenotypic biomarker patterns, the model-derived esti-
mates reflect complex interactions between profiles and
individual biomarkers. These interactions modify the
associations between phenotypic biomarkers and dis-
ease risk in a profile-dependent manner (Supplemen-
tary Fig. 9). To illustrate this, we estimated the change
in disease risks in a hypothetical 55-year-old male with
prediabetes, assuming a 10 or 20% increase in the allo-
cation probability and corresponding decrease in NSF
probability (Fig. 5, Supplementary Figs. 10 and 11). A
20% increase in the probability of belonging to the HBP
or HLP_SCR_ALT profile was associated with higher
risk of T2D compared with NSF profile, with ORs (95%
CI) of 1.09 (1.07-1.11) and 1.10 (1.06-1.14), respectively
(Fig. 5). Similarly, a 20% increase in the HBP probabil-
ity was associated with a higher risk of CVD (HR 1.06,
95% CI 1.00, 1.12). Higher probabilities of HBP and
HLP_SCR_ALT profiles were associated with a higher
risk of incident kidney events compared with NSF, with
ORs (95% Cls) of 1.12 (1.09-1.15) and 1.10 (1.04-1.16),
respectively. Conversely, the RH profile was associated
with lower risks of both incident T2D and kidney events
compared with NSF (T2D OR 0.87, 95% CI 0.84, 0.89;
kidney events OR 0.81, 95% CI 0.77, 0.85). Meanwhile,

the risk of diseases in a 55-year-old female with predia-
betes reaffirmed the findings observed in the male sub-
group (Supplementary Fig. 12).

Discussion

In this study, using unsupervised clustering methods on
routinely available clinical indicators, we identified five
distinct phenotypic profiles and one NSF profile among
Chinese individuals with prediabetes. These data-driven
profiles revealed substantial phenotypic diversity and
were associated with markedly different risks for T2D,
CVD, and kidney events. Notably, the RH profile was
consistently associated with lower disease risks, while
HLP_SCR_ALT and HBP profiles indicated varying
degree of higher cardiometabolic burden. The clustering
structure proved robust and was successfully validated
in two independent external cohorts. Furthermore, the
incorporation of profile allocation probabilities signifi-
cantly improved disease prediction models, suggesting
the added clinical utility of phenotypic profiling beyond
conventional biomarkers. We have demonstrated here
how this approach enhance performance in ensur-
ing phenotypic robustness, and improving clinical
interpretability.

Understanding the heterogeneity of prediabetes is cru-
cial for accurate risk stratification and targeted inter-
vention. Within our phenotyping framework, the HBP
subtype demonstrated a consistent association with the



Jia et al. Cardiovascular Diabetology (2026) 25:3

development of T2D, CVD and CKD. Hypertension and
diabetes share common pathophysiological risk factors
and frequently co-occur. Elevated blood pressure mark-
edly increases the risk of progression from prediabe-
tes to overt T2D. A recent meta-analysis confirms that
hypertension is among the more consistent comorbidity
predictors of progression from prediabetes to T2D [30].
Meanwhile, prediabetes concomitant with hypertension
was associated with an increased risk for CVD in the
Jackson Heart Study (JHS) of 3313 black adults [31]. One
of the most important complications of both diabetes and
hypertension is loss of renal function and eventually lead-
ing to kidney events. In individuals with prediabetes, the
coexistence of elevated blood pressure has been linked to
a modestly increased risk of incident kidney disease [32].
The consistent association of the HBP phenotype with
multiple disease risks suggests that metabolic derange-
ments in this subgroup may drive disease progression
via multiple converging pathways. Mechanistically, ele-
vated blood pressure may exacerbate insulin resistance,
endothelial dysfunction, increased oxidative stress, and
low-grade inflammation, all of which may impair glu-
cose homeostasis and accelerate -cell dysfunction [33].
Clinically, this suggests that among individuals with pre-
diabetes, assessment of blood pressure status should be
considered not only for cardiovascular risk but also as a
marker of diabetes and kidney disease risk.

Furthermore, the HLP_SCR_ALT profile, character-
ized by elevated lipids, creatinine, and ALT, showed a
robust association with incident T2D and CKD, reinforc-
ing prior evidence that even high-normal ALT levels are
independently predictive of diabetes and kidney event
risks [34-36]. This observation aligns with the grow-
ing body of evidence that liver dysfunction, particularly
hepatic insulin resistance, plays a pivotal role in the early
stages of metabolic disease. Elevated ALT level, a marker
of liver injury and metabolic stress, may serve as a sur-
rogate indicator of impaired hepatic glucose metabolism,
which accelerates the development of T2D when coupled
with insulin resistance [37]. Moreover, recent studies
have suggested that elevated ALT levels may reflect sys-
temic inflammation, oxidative stress, and a dysregulated
metabolic environment, all of which contribute to insulin
resistance, B-cell dysfunction, and renal function decline
[36, 38—40]. In line with the observed role of organ-spe-
cific dysfunction in metabolic disease progression, our
findings also demonstrated that high serum creatinine
was significantly associated with increased risks of inci-
dent kidney and T2D events. These findings indicate that
impaired renal function, as reflected by creatinine, may
accelerate kidney and glucose tolerance damage in the
prediabetic population. The combination of these factors
highlights the need for early identification and targeted
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interventions to prevent the progression of complications
in individuals at risk for diabetes.

Compared with previous studies, our approach offers
several methodological and translational advantages.
First, we accounted for age- and sex-related confound-
ing by deriving residuals from linear models for each
phenotype prior to clustering. This adjustment enhances
the biological interpretability of phenotype differences
by minimizing demographic influences known to affect
both biomarker levels and cardiometabolic outcomes.
Second, unlike conventional k-means clustering, which
enforces hard assignment and may misclassify indi-
viduals near cluster boundaries, we applied a combina-
tion of unsupervised soft clustering learning techniques
with Gaussian mixture models, that assign probabilistic
membership. This strategy allows more sophisticated
identification of borderline individuals and reduces
classification errors [41]. Third, traditional algorithms
assume that data variability is captured by linear relation-
ships, which limits its ability to depict the essential non-
linear characteristics of clinical data and confuses cluster
boundaries of distinguishing heterogeneity [42, 43].
By contrast, UMAP builds a topological and meaning-
ful low-dimensional representation preserved distances
and neighborhood relationships as much as possible in
the original high-dimensional space [44]. It therefore
improves more robust and stable prediction performance
and enhances the overall biological interpretability of the
model. Subsequent combination of UMAP and Gauss-
ian mixture model [45] facilitates clear visualization
and identifies more reproducible subtypes. In addition,
to further enhance the model’s robustness, we evalu-
ated the consistency of profile assignment by examining
whether individuals were allocated to specific profiles in
the 4C_2011 study and other two validation cohorts with
high certainty (probability >75%), resulting in five robust
feature clusters and one remaining cluster we termed
NSE. This strategy demonstrated the advantages of repro-
ducibility and generalizability for subclassification among
prediabetes population in large cohorts.

It is important to emphasize that in this study, we
aimed to identify clinically meaningful subtypes of pre-
diabetes by leveraging the multidimensional relation-
ships between biomarkers. While single biomarkers such
as blood pressure or blood glucose levels are valuable in
clinical practice, they offer limited capacity to character-
ize the complex pathophysiological interplay underlying
metabolic disease heterogeneity. Our data-driven cluster-
ing approach offers a more comprehensive view of pre-
diabetes, revealing stable subtypes that emerge from the
interactions between multiple clinical markers. These
subtypes reflect underlying disease patterns that may
provide valuable insights into disease progression and
risk prediction.



Jia et al. Cardiovascular Diabetology (2026) 25:3

To enhance clinical applicability, we constructed the
clustering model using routinely available clinical indica-
tors to ensure the six profiles could be feasibly identified
in real-world settings. Early identification of high-risk
individuals during the prediabetic stage is crucial—par-
ticularly for the HBP and HLP_SCR_ALT subtypes,
which exhibit the highest T2D and kidney event risks and
may benefit most from early interventions such as blood
pressure and fatty liver management [46, 47]. This model
demonstrates strong scalability and adaptability, offering
a promising tool for precision medicine. It can facilitate
risk stratification, predict intervention responses in clini-
cal settings, and support mechanistic investigations in
metabolic disease research.

Some limitations of our study should be acknowledged.
First, the findings of this study were based on a middle-
aged and elderly Chinese population, and the general-
izability of these findings to other ethnicities remains
uncertain. Second, the clustering is based on limited set
of biomarkers chosen for their pathological relevance
and community applicability. Third, although we care-
fully controlled for confounding factors in the analyses,
bias from unmeasured or residual confounders cannot
be fully ruled out. Fourth, differences in follow-up pro-
tocols across cohorts may affect comparability; never-
theless, similar risk patterns for T2D, CKD, and CVD
were observed across cohorts. In addition, single glyce-
mia measurements may not fully capture long-term risk.
Fifth, the relatively short follow-up duration may limit the
statistical power for evaluating individual risks of compli-
cations. Finally, we wish to emphasize that while data-
driven profiles complement conventional approaches
by providing a more comprehensive and holistic view of
prediabetes heterogeneity, their clinical utility requires
further robust evaluation [48, 49], and as such, future
studies utilizing individual-level data from clinical trials
are needed to determine their utility in guiding targeted
treatment strategies [50].

Conclusions

This study demonstrates the utility of an integrated unsu-
pervised clustering framework in delineating the com-
plex heterogeneity inherent in prediabetes. Based on
a nationwide cohort of individuals with prediabetes in
China, we identified five distinct phenotypic spectra with
clearly defined clinical characteristics using unsuper-
vised clustering approaches. These phenotypes differed
significantly from the group without distinct features
in terms of cardiometabolic risk factor profiles, as well
as the prevalence and incidence of cardiometabolic dis-
eases. The probability-based assignment of individuals to
specific profiles, derived from routinely available clinical
indicators, significantly improved the prediction of future
cardiometabolic events. These findings provide novel
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insights into the pathophysiological diversity of prediabe-
tes while establishing a scalable framework for risk strati-
fication and targeted intervention, thereby advancing the
paradigm of precision prevention in metabolic disease.
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