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SUMMARY
Prediabetes and its pathophysiology remain important issues. We aimed to examine the cluster characteris-
tics of prediabetes and explore their associationswith developing diabetes and its complications based on 12
variables representingbody fat, glycemicmeasures, pancreaticb cell function, insulin resistance, blood lipids,
and liver enzymes. A total of 55,777 individuals with prediabetes from the China Cardiometabolic Disease and
Cancer Cohort (4C) were classified at baseline into six clusters. During amedian of 3.1 years of follow-up, sig-
nificant differences in the risks of diabetes and its complications between clusters were observed. The odds
ratios of diabetes stepwisely increase from cluster 1 to cluster 6. Clusters 1, 4, and 6 have increased chronic
kidney diseases risks, while the prediabetes in cluster 4, characterized by obesity and insulin resistance, con-
fers higher risks of cardiovascular diseases comparedwith others. This subcategorization has potential value
in developing more precise strategies for targeted prediabetes prevention and treatment.
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INTRODUCTION

Prediabetes is a high-risk state for type 2 diabetes mellitus

(T2DM), defined as levels of fasting plasma glucose (FPG), 2-h

post-load plasma glucose (PG), or hemoglobin A1c (HbA1c)

above their normal ranges but below diagnostic thresholds for

diabetes.1 Almost one-third of the Chinese population has pre-

diabetes; similar numbers were reported worldwide, including

in the United States.2,3 Approximately, 5% to 10% of individuals

with prediabetes will progress to diabetes per year.4 Much

emphasis has been placed on finding an effective method to

delay or prevent incident T2DM among those with prediabetes.

The Finnish Diabetes Prevention Study5 and the Da Qing Dia-

betes Prevention Outcome Study6 provided strong evidence

that a combination of diet and exercise interventions was the

most important factor that could halt the progression to T2DM

and reduce the incidence of cardiovascular disease (CVD)

events in patients with prediabetes. However, the questions sur-

rounding prediabetes and its management have brought debate

and remain important issues that warrant further investigation.7

For example, the high-risk population is extremely large and

the costs of prevention are substantial and rising. The term ‘‘pre-

diabetes’’ has also been criticized because a substantial propor-

tion of people with prediabetes regress to normoglycemia

without treatment.8 In such circumstances, it might imply that

intervention is not necessary because no disease is present.

The dilemma between health benefits from the intervention

and economic consideration in terms of cost-effectiveness calls

for re-classification of prediabetes to enable precise and effec-

tive intervention in those at the greatest risk of T2DM and other

complications. Wagner et al. used clustering analysis to classify

Caucasian individuals at elevated risk for T2DM into six clusters

with different metabolic features and disease risks.9 Their results

demonstrated that pathophysiological heterogeneity exists

before the diagnosis of T2DM and highlighted groups differing

in the risk for T2DM and its complications.9 However, physiolog-

ical features are different between Asian and Caucasian individ-

uals. The Chinese population is more likely to have an impaired

b-cell function and is more susceptible to the effects of overall

obesity on metabolic factors.10,11 It is unknown whether Chinese

people with prediabetes can be classified into different

subphenotypes.

We aimed to examine and validate whether measurements of

metabolic parameters endorse the prediabetes clusters, and

whether there are differences in disease risks between clusters.

We postulated that specific cluster-based subphenotypes of

prediabetes correlate with T2DM and complications differently,

therefore individualized intervention is required.

RESULTS

Study population
A total of 193,846 adults aged 40 years or older were recruited

from the China Cardiometabolic Disease and Cancer Cohort

(4C) study at baseline, and 170,240 (87.8%) participants at-

tended an in-person follow-up visit.10,12 Among them, 105,590

participants were excluded because they had a major disease

or did not have prediabetes at baseline; 7,416 participants
2 Cell Reports Medicine 4, 100958, March 21, 2023
were excluded because of missing data of baseline biochemical

measurements and physical examination; and 1,457 participants

were further excluded for having outlier values of the cluster

variables. Finally, 55,777 participants with prediabetes were

included in the analysis (Figure S1), and the total person-years

of follow-up were 212,827 person-years.
Determination of cluster number
By visualizing the matrix heatmaps of the pairwise consensus for

each cluster size (Figures S2A–S2G), the cumulative distribution

functions (CDFs) (Figure S2H), and the proportion increase of the

area under the CDFs (Figure S2I), the consensus clustering algo-

rithm identified thatK = 6was the largest number of clusters best

representing the data pattern of participants with prediabetes.

For K = 6, the mean consensus scores were greater than 0.75

for all clusters, with a larger value indicating better stability of

cluster membership (Figure S2J). The characteristics of partici-

pants in the six clusters are shown in Figure S3.
Distributions of glycemic status by clusters
Weused K-means to cluster the overall prediabetes participants,

and cluster stability was estimated as Jaccard means, which

were greater than 0.77 for all clusters. As shown in Figure 1,

the crosstabs of the participant‘s number between clusters

and prediabetes definitions shows that most participants with

prediabetes in cluster 1 and cluster 2 were diagnosed by

HbA1c R5.7% only. Almost half of the participants in cluster 3

only had FPGR5.6 mmol/L; in cluster 4 and cluster 5, the partic-

ipants with more than one abnormal glycemic criterion out-

weighed those with only one abnormal criterion; and almost

50% of those with prediabetes in cluster 6 had abnormal FPG,

2 h PG, and HbA1c, simultaneously.
Distribution of the clinical features by clusters
Demographic, anthropometric, and clinical data for the six clus-

ters are shown in Table 1. The six clusters showed distinctive

patterns displayed by standardized means of cluster variables

(Figure 2, Table S1). Cluster 1, including 13,258 (23.8%) partici-

pants, was marked by relatively higher levels of HbA1c but lower

levels of other features. Cluster 2 comprised 10,836 (19.4%)

participants. These individuals had the highest levels of high-

density lipoprotein cholesterol (HDL-c) than the other clusters

and similar HbA1c levels as cluster 1. Cluster 3 constituted

8,664 (15.5%) participants. This group was characterized by

higher levels of FPG and the lowest HbA1c level than the other

clusters. Cluster 4, including 7,246 (13.0%) participants, was

marked by the highest levels of bodymass index (BMI), homoeo-

stasis model assessment of insulin resistance (HOMA-IR), and

homoeostasis model assessment b of cell function (HOMA-b).

Cluster 5 comprised 4,310 (7.7%) participants with the highest

levels of aspartate aminotransferase (AST), alanine transami-

nase (ALT), glutamyl transferase (GGT), and triglyceride (TG).

Cluster 6, including 11,463 (20.6%) participants, was character-

ized by the highest levels of FPG, 2 h PG, and HbA1c. The pair-

wise comparisons of the clustering variables between clusters

are shown in Figure 3. Most differences achieved Bonferroni

adjusted statistical significance (p < 0.003), and half of them



Figure 1. The number of participants in each group of glycemic status by clusters
FPG, fasting plasma glucose; 2 h PG, 2 h post-load plasma glucose.

Article
ll

OPEN ACCESS
showed small or negligible differences tested by using Cohen’s

d value (Table S2).

Associations of prediabetes clusters with major
diseases
During a median of 3.1 years of follow-up, 3,615 and 1,020 par-

ticipants with prediabetes developed T2DM and chronic kidney

disease (CKD), respectively. We found significant differences in

T2DM incidence between clusters and the risks of T2DM were

stepwisely increased from cluster 1 to cluster 6 (Figure 4,

Table S3). Compared with cluster 1, which had the lowest inci-

dence of T2DM, the odds ratios (ORs) for developing T2DM in

cluster 2 to cluster 6 were 1.44 (95% confidence interval [CI],

1.24–1.66), 1.80 (95% CI, 1.55–2.08), 3.00 (95% CI, 2.61–3.45),

3.69 (95% CI, 3.18–4.28), and 4.93 (95% CI, 4.37–5.57) in

adjusted model 2, respectively. The incidence of CKD between

clusters was also different, and cluster 2 had the lowest inci-

dence of CKD (Figure 4). Compared with cluster 2, cluster 1

(OR, 1.82; 95% CI, 1.50–2.27), cluster 4 (OR, 2.29; 95% CI,

1.80–2.91), and cluster 6 (OR, 2.22; 95% CI, 1.80–2.75) were at

significantly higher risk for developing CKD. A total of 933 partic-

ipants with prediabetes at baseline had incident CVD events dur-

ing the follow-up. After adjusting for other covariates, cluster 4

had a significantly higher risk of incident CVD events compared

with cluster 5 (Figure 4) and also other clusters (Table S3).

Cluster migration patterns from prediabetes clusters at
baseline to normal glucose regulation, prediabetes
clusters, and T2DM clusters at follow-up
We also performed clustering analysis using the same variables

collected at the follow-up examination among the participants

diagnosed as prediabetes at follow-up, and similar cluster fea-

tures were observed (Figure S4). We found that, among the par-

ticipants who had taken follow-up examination, there were

40.7%, 37.5%, 39.3%, 24.2%, 24.4%, and 13.3% of the partic-

ipants with prediabetes in clusters 1 to 6 who regressed to

normal glucose regulation (NGR), respectively. Among the par-
ticipants who hadmigrated fromprediabetes clusters at baseline

to NGR, prediabetes clusters and T2DM at follow-up, 22.4%,

33.6%, 28.3%, 31.4%, 20.1%, and 25.7% of those with predia-

betes in clusters 1 to 6 at baseline still maintained the original

cluster type at follow-up (Figure S4, Table S4). We applied

K-means clustering analysis among the participants with predia-

betes at baseline and progression to T2DM at the follow-up visit

using five variables collected at the follow-up, including age at

diagnosis, BMI, FPG, HOMA-IR, and HOMA-b. Every patient

with T2DM at follow-up was assigned to a predefined cluster

named by Ahlqvist and colleagues, including mild age-related

diabetes (MARD), mild obesity-related diabetes (MOD), severe

insulin-resistant diabetes (SIRD), or severe insulin-deficient dia-

betes (SIDD) (Figure S5, Tables S4–S6). The Sankey diagram

shows the patterns of cluster redistributions and migrations

from prediabetes clusters at baseline to diabetes clusters at

follow-up (Figure 5). We found a clear pattern of differences be-

tween clusters in clinical characteristics and were able to assign

the same cluster as Ahlqvist and colleagues did (Table S4). In

prediabetes cluster 1 who developed T2DM at follow-up, 99

(31.4%) and 124 (39.4%) of the participants progressed to

T2DM MARD cluster and SIDD cluster, respectively. In cluster

2, 232 (64.3%) transformed into the T2DM SIDD cluster; 182

(46.3%) of individuals in prediabetes cluster 3 were assigned

to the T2DMSIDD cluster. In individuals with prediabetes of clus-

ter 4, 30.9% and 47.9% were transitioned to the T2DM MOD

cluster and SIRD cluster, respectively; 37.3% of the participants

in cluster 5 developed into the T2DMMOD cluster; and 34.5% of

cluster 6 developed into the T2DM MARD cluster (Figure 5).

Sensitivity analysis
The sensitivity analysis was performed by conducting clustering

analysis using the same variables among the participants with

normoglycemia and those with prediabetes at baseline. The

cluster features in each cluster and the differences in disease

risks were similar to those only conducted in prediabetes

(Figure S6).
Cell Reports Medicine 4, 100958, March 21, 2023 3



Table 1. Baseline characteristics of study participants in six clusters

Cluster 1

(n = 13,258,

23.8%)

Cluster 2

(n = 10,836,

19.4%)

Cluster 3

(n = 8664,

15.5%)

Cluster 4

(n = 7246,

13.0%)

Cluster 5

(n = 4310,

7.7%)

Cluster 6

(n = 11,463,

20.6%)

Female 8923 (67.3%) 7825 (72.2%) 5399 (62.3%) 5279 (72.9%) 2094 (48.6%) 7495 (65.4%)

Age (y) 56.08 ± 8.35 56.59 ± 8.45 54.42 ± 8.78 56.12 ± 8.56 54.75 ± 7.90 58.19 ± 8.23

High school

or higher

education

5032 (38.0%) 3611 (33.3%) 2731 (31.5%) 2722 (37.6%) 1531 (35.5%) 3987 (34.8%)

Married 12,096 (91.2%) 9812 (90.6%) 8036 (92.8%) 6616 (91.3%) 4004 (92.9%) 10,407 (90.8%)

Current smoking 2200 (16.6%) 1511 (13.9%) 1256 (14.5%) 760 (10.5%) 1033 (24.0%) 1525 (13.3%)

Current drinking 1046 (7.9%) 1244 (11.5%) 1161 (13.4%) 441 (6.1%) 869 (20.2%) 1155 (10.1%)

Moderate and

vigorous physical

activity

2156 (16.3%) 1546 (14.3%) 1118 (12.9%) 981 (13.5%) 540 (12.5%) 1820 (15.9%)

Current drinking tea 3350 (25.3%) 2313 (21.3%) 1894 (21.9%) 1755 (24.2%) 1291 (30.0%) 2957 (25.8%)

Healthy diet 5904 (44.5%) 4192 (38.7%) 3437 (39.7%) 3136 (43.3%) 1787 (41.5%) 5255 (45.8%)

Nighttime sleep

duration (h)

7.75 ± 1.25 7.95 ± 1.38 8.00 ± 1.32 7.75 ± 1.26 7.85 ± 1.28 7.77 ± 1.26

Family history of

diabetes

1426 (10.8%) 976 (9.0%) 768 (8.9%) 942 (13.0%) 515 (11.9%) 1416 (12.4%)

Taking

antihypertensive

medicine

1057 (8.0%) 529 (4.9%) 640 (7.4%) 970 (13.4%) 461 (10.7%) 1465 (12.8%)

Taking

lipid-lowering

medicine

55 (0.4%) 34 (0.3%) 18 (0.2%) 58 (0.8%) 38 (0.9%) 76 (0.7%)

Waist-to-hip ratio 0.88 ± 0.06 0.83 ± 0.06 0.87 ± 0.06 0.91 ± 0.06 0.91 ± 0.06 0.90 ± 0.06

BMI (kg/m2) 24.12 ± 2.66 21.55 ± 2.36 23.88 ± 2.63 27.80 ± 3.17 25.79 ± 2.95 25.22 ± 2.72

SBP (mm Hg) 127.52 ± 19.04 128.00 ± 19.98 132.35 ± 19.61 135.70 ± 19.06 134.11 ± 19.10 133.28 ± 19.19

DBP (mm Hg) 76.25 ± 10.48 75.36 ± 10.83 79.15 ± 10.66 81.49 ± 10.64 81.58 ± 10.83 79.29 ± 10.31

FPG (mmol/L) 5.12 ± 0.37 5.51 ± 0.46 5.79 ± 0.40 5.53 ± 0.49 5.67 ± 0.49 5.97 ± 0.42

2 h PG (mmol/L) 6.09 ± 1.32 6.61 ± 1.53 7.28 ± 1.56 7.52 ± 1.58 7.52 ± 1.68 8.27 ± 1.44

HbA1c (%) 5.90 ± 0.20 5.82 ± 0.25 5.34 ± 0.27 5.85 ± 0.29 5.78 ± 0.31 6.01 ± 0.22

HOMA-b 76.83 (58.25,

98.80)

46.99 (34.62,

61.88)

56.87 (42.42,

73.88)

132.00 (112.03,

162.86)

78.18 (58.10,

100.00)

61.85 (47.58,

76.97)

HOMA-IR 1.40 (1.06, 1.77) 1.13 (0.82, 1.49) 1.65 (1.23, 2.13) 3.27 (2.69, 4.02) 2.08 (1.55, 2.68) 1.96 (1.52, 2.45)

HDL-c (mmol/L) 1.24 ± 0.26 1.75 ± 0.31 1.34 ± 0.29 1.20 ± 0.28 1.30 ± 0.30 1.22 ± 0.28

LDL-c (mmol/L) 2.83 ± 0.84 2.96 ± 0.82 2.79 ± 0.80 3.03 ± 0.87 3.05 ± 0.90 2.92 ± 0.86

Total cholesterol

(mmol/L)

4.74 ± 1.07 5.30 ± 0.98 4.80 ± 1.01 5.13 ± 1.08 5.31 ± 1.08 4.93 ± 1.11

TG (mmol/L) 1.25 (0.92, 1.69) 0.95 (0.75, 1.24) 1.22 (0.90, 1.66) 1.84 (1.35, 2.58) 1.96 (1.37, 2.88) 1.49 (1.10, 2.06)

ALT (U/L) 12.10 (9.00,

17.00)

13.00 (10.00,

17.00)

14.00 (10.00,

18.00)

17.65 (13.00,

23.00)

36.00 (29.00,

45.00)

14.00 (11.00,

19.00)

AST (U/L) 19.37 ± 5.23 22.47 ± 6.08 20.52 ± 5.55 21.49 ± 6.02 35.76 ± 10.52 19.81 ± 5.10

GGT (U/L) 17.00 (13.00,

24.00)

17.00 (13.00,

24.00)

19.00 (14.00,

28.00)

25.00 (19.00,

36.00)

53.00 (33.00,

88.00)

20.00 (15.00,

29.00)

ACR mg/g 5.28 (3.44, 8.48) 5.82 (3.79, 9.50) 5.47 (3.45, 9.03) 5.87 (3.63, 10.11) 5.53 (3.52, 9.43) 5.66 (3.49, 9.41)

eGFR mL/min/

1.73 m2

97.45 (89.60,

103.60)

95.91 (88.33,

101.81)

97.93 (90.04,

104.58)

94.98 (86.10,

101.96)

95.71 (87.23,

102.05)

94.88 (86.46,

101.25)

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

ACR, albumin-to-creatinine ratio; ALT, alanine transaminase; AST, aspartate aminotransferase; BMI, body mass index; DBP, diastolic blood pressure;

eGFR, estimated glomerular filtration rate; FPG, fasting glucose; GGT, glutamyl transferase; HDL-c, high-density lipoprotein cholesterol; HOMA-b,

homoeostasis model assessment b of cell function; HOMA-IR, homoeostasis model assessment of insulin resistance; LDL-c, low density lipoprotein

cholesterol; SBP, systolic blood pressure; TG, triglyceride; 2 h PG, 2-h post-load plasma glucose.
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Figure 2. Distribution of the cluster feature variables by clusters

All the values of cluster features were centered to a mean value of 0 and an SD of 1. All the negative values were converted to positive values by adding a fixed

value to yield polygon areas related to adverse variable effects. (A) Cluster 1; (B) Cluster 2; (C) Cluster 3; (D) Cluster 4; (E) Cluster 5; (F) Cluster 6. ALT, alanine

transaminase; AST, aspartate aminotransferase; BMI, body mass index; FPG, fasting plasma glucose; GGT, g-glutamyl transpeptidase; HDL-c, high-density

lipoprotein cholesterol; HOMA-b, homoeostasis model assessment b of cell function; HOMA-IR, homoeostasis model assessment of insulin resistance; TG,

triglyceride; WHR, waist-to-hip ratio; 2 h PG, 2-h post-load plasma glucose.

See also Table S1.
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DISCUSSION

In this Chinese population with prediabetes, we discovered that

the data-driven clusters were reproducible and could be classi-

fied into six clusters of distinct metabolic profiles. Future risks of

diabetes varied between clusters. Three of the identified sub-

phenotypes had increased CKD risk, including cluster 1 charac-

terized by a single high level of HbA1c, cluster 4 characterized by

obesity and insulin resistance, and cluster 6 characterized by

high glycemic levels. But only prediabetes in cluster 4 conferred

a higher risk of CVD compared with others. Nearly 40% of those

with prediabetes in clusters 1, 2, and 3; 24% of those with pre-

diabetes in clusters 4 and 5; and 13% of those with prediabetes

in cluster 6 would reverse to NGR. Approximately 20%–30% of

each prediabetes cluster wouldmaintain the original prediabetes

status during 3 years of follow-up. Finally, for participants with

prediabetes who had developed T2DM during follow-up, there

were apparent and specific trends of transitions from different

clusters of prediabetes into the Ahlqvist classification of dia-

betes. Those with prediabetes in clusters 1, 2, and 3 mostly pro-

gressed to the T2DMMARD cluster and SIDD cluster, while clus-

ter 4 and cluster 5 progressed to the T2DM MOD cluster and

SIRD cluster.

The glucose tolerance test was reported to be more sensitive

in identifying individuals who were at high risk for prediabetes
and diabetes in Asian individuals.13 Therefore, despite having a

relatively higher level of HbA1c in those with prediabetes of clus-

ter 1, the lowest levels of both FPG and 2 h PG might contribute

to the lowest incidence of T2DM in cluster 1. Even though T2DM

incidence was slightly higher in cluster 2 compared with cluster

1, the CKD risk was substantially lower in cluster 2. A high level

of HDL-c might exert the protective effects of preventing CKD

in cluster 2. Normal HDL-c is involved in maintaining endothelial

function and nitric oxide production, which is critical in preser-

ving tissue perfusion and preventing leukocyte adhesion and

infiltration, while deficiency and dysfunction of HDL-c contribute

to the severity of oxidative stress and inflammation and promote

the progression of CKD.14 Cluster 3 also had an increased inci-

dence of T2DM compared with cluster 1 due to a higher level

of FPG and 2 h PG, and the risk of incident CKDwas significantly

lower than that in cluster 1. The findings implied that the high

HbA1c level was more closely associated with incident CKD

than high levels of FPG and 2 h PG.

Previous studies have suggested individuals at the highest risk

of developing diabetes are those with FPG of 6.1–6.9 mmol/L or

HbA1c of 6.0%–6.4%, or women with a history of gestational

diabetes mellitus.15 Our study made further progress in identi-

fying the individuals with a higher risk of T2DM who were not

only with high glycemia levels (cluster 6) but also prediabetes

with obesity and insulin resistance (cluster 4), and prediabetes
Cell Reports Medicine 4, 100958, March 21, 2023 5



Figure 3. Pairwise comparisons of the cluster feature variables

Bonferroni correction was applied with p < 0.003 (0.05/15) as statistical significance. The blue or red color presented the Cohen’s d values that indicated the

standardized difference between the two means. FPG, fasting plasma glucose; 2 h PG, 2-h post-load plasma glucose; TG, triglyceride; HDL-c, high-density

lipoprotein cholesterol; WHR, waist-to-hip ratio; BMI, body mass index; HOMA-b, homoeostasis model assessment b of cell function; HOMA-IR, homoeostasis

model assessment of insulin resistance; AST, aspartate aminotransferase; ALT, alanine transaminase; GGT, g-glutamyl transpeptidase.

See also Table S2.
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with elevated liver enzymes and hypertriglyceridemia (cluster 5).

Glucose does not seem to be themajor driver of CKD and CVD in

cluster 4. Prediabetes in cluster 4 represented an insulin-resis-

tant phenotype, in which participants had obesity, and higher

levels of HOMA-IR and HOMA-b. It may imply that there is a

compensation for insulin resistance through elevated b-cell func-

tion in secreting insulin. Previous studies have suggested that

even without the well-known risk factors of hypertension or dia-

betes, obesity per se might be harmful to the kidney by causing

hyperfiltration.16 Insulin resistance also deteriorates kidney func-

tion through alterations in hemodynamics, and podocyte and

tubular function.17 Cluster 4 had lower glycemia parameter levels

than cluster 6, but presented a higher risk of incident CVD than

cluster 6. This result highlighted the effects of insulin resistance,

hyperinsulinemia, and attendant lipid disorders on promoting

CVD.18 Prediabetes in cluster 5 was associated with significantly

worse liver function. Even though cluster 5 did not present a very

high level of blood glucose, it was associated with a higher risk of

diabetes. Roy Taylor proposed that T2DMwas a result of excess

liver fat causing an excess supply of fat to the pancreas with re-

sulting dysfunction of both organs, and leading to diabetes.19

Although we did not measure the liver fat in our study, the higher

BMI and waist-to-hip ratio (WHR) might reveal the higher levels

of visceral fat accumulation possessed by the participants in

cluster 5.

Similar to previous study,20,21 we also found a substantial

number of individuals reverting from prediabetes to NGR. The

Whitehall II study reported that most people with HbA1c-defined

prediabetes had persistent prediabetes during 5 years of follow-

up.20 By contrast, reversion to NGR was frequent among people

with FPG- or 2 h PG-defined prediabetes.20 In the present study,

we found different proportions of reversion by prediabetes clus-

ters. Approximately 40% of those with prediabetes in clusters 1,

2, and 3 regressed to NGR, whereas the proportions were lower

in clusters 4, 5, and 6, which might be because those with pre-

diabetes in clusters 4, 5, and 6 were mostly diagnosed by

more than one abnormal glycemic index that indicated worse
6 Cell Reports Medicine 4, 100958, March 21, 2023
glycemia metabolism. By performing re-clustering analysis

among prediabetes at follow-up, we demonstrated that the pre-

diabetes clusters were not stable, only 20%–30% of the predia-

betes would keep the original prediabetes cluster types. The

changes of cardiometabolic risk factors during follow-up may

have had great impact on the re-classification of prediabetes

clusters. In the current study, the data were collected at two

time points, making it difficult to observe trends of cluster

changes. Temporal trajectory data were needed to further

explore the patterns of the cluster changes and the disease

risk related to cluster changes.

We found specific trends of transitions from baseline predia-

betes clusters to the incident T2DM of Ahlqvist classification.

The strong connection between the prediabetes cluster and

T2DM cluster, and risk of diabetes complications may suggest

the potential value of targeted primary prevention in themanage-

ment of subphenotypes of prediabetes. For example, a faster

progression of renal disease and coronary events was also

observed in T2DM clusters of SIRD and MARD in diabetes clus-

ter studies.22,23 In our study, more than 60% of individuals with

prediabetes in cluster 4 who had developed T2DM transitioned

to T2DM clusters of SIRD and MARD. Correspondingly, predia-

betes in cluster 4 was also associated with a higher risk of inci-

dent CKD and CVD.

Prediabetes has been defined by international medical organi-

zations for more than 10 years; however, there was still contro-

versy about defining it as a distinct pathological condition. Pre-

diabetes is characterized by a variety of pathophysiological

abnormalities,24 and the metabolic environments could lead to

a broad range of glycemic fluctuations over a continuum with

normoglycemia on one side and diabetes mellitus on the other,

depending on the stage of process. In the present study, we

only analyzed thosewith prediabetes in view of the priority of dia-

betes prevention in prediabetes. The early stages of metabolic

prototypes could be excluded if only prediabetes was selected.

Therefore, we also performed a sensitivity analysis by con-

ducting the clustering analysis among the participants with



Figure 4. Comparisons of disease risks by clusters
The cumulative incidences of type 2 diabetes and chronic kidney disease were calculated by using the number of incident cases divided by the number of

participants at risk in each cluster, the incidence of cardiovascular disease using the number of incident cases divided by the total observation duration (person-

years) in each cluster. Incident type 2 diabetes and chronic kidney diseases between clusters were compared by logistic regression models and cardiovascular

disease between clusters by Cox proportional hazards models. For each outcome, the cluster with the lowest incidence was used as the reference group. Model

1 was adjusted for age and gender. Model 2 was adjusted for age, gender, education, marital status, smoking status, alcohol consumption, drinking tea, healthy

diet score, physical activity, family history of diabetes, nighttime sleep duration, systolic blood pressure, currently taking antihypertensive medication, and taking

lipid-lowering agents.

See also Table S3.
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normoglycemia and those with prediabetes, and similar results

were observed to the findings in prediabetes alone.

Several landmark trials had proved that treating prediabetes

with effective interventions could significantly alter the progres-

sion of T2DM. However, the effort to implement diabetes preven-

tion in clinical practice has encountered some difficulties. The

intervention is always resource intensive, reluctant, and declined

if prediabetic individuals are unaware of their hyperglycemia

condition or the effects are subtle.25,26 Our new classification

of prediabetes might be useful in identifying the metabolic het-

erogeneity prior to the onset of T2DM and offering hints for the

potential therapeutic implications. For instance, prediabetes in

cluster 4 and cluster 6 should be treated with priority due to

high risks of T2DM and diabetes complications. The importance

of diabetes prevention might be neglected for prediabetes in

cluster 5 when risk-stratification concentrated on diabetes-

related glycemic cutoffs. In addition, it should be noted that while

the method based on widely accessible clinical variables may be

informative, it may not be sufficiently precise. Prediabetes could

shift from one cluster to another over time. To advance precision

medicine for preventing T2DM, the factors associated with sub-
phenotypes shifting should be explored by integrating multidi-

mensional data, such as genetic and omics data, sensor-based

behavioral monitoring, and phenomics.27 Future studies may

examine the types of intervention, such as aerobic exercise

and dietary caloric restriction, that provide the greatest health

advantages for people with prediabetes in various clusters.

Our study has several strengths. Our research with Chinese

participants supports the novel prediabetes subgroups pro-

posed by previous study,9 suggesting a possible generalizability

of this European-orientedmetabolic classification to various eth-

nicities and populations. We used data from a large and nation-

wide prospective cohort of community adults selected from 20

study sites across mainland China, including both urban and ru-

ral areas. The large sample size has enabled adequate sample

size in each prediabetes cluster. We used a two-step strategy

of clustering approach to ensure the stability of the discovered

cluster membership and validated the results.

Conclusions
In conclusion, the subphenotypes of prediabetes exhibited

unique metabolic traits and were associated with different risks
Cell Reports Medicine 4, 100958, March 21, 2023 7



Figure 5. Cluster migration pattern from prediabetes clusters at

baseline to those who developed type 2 diabetes of Ahlqvist-dia-

betes-classes at follow-up

MARD, mild age-related diabetes; MOD, mild obesity-related diabetes; SIDD,

severe insulin-deficient diabetes; SIRD, severe insulin-resistant diabetes;.

See also Figure S5, Tables S4–S6.
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of developing diabetes and its complications. In particular, dia-

betes risks were significantly different from each other and step-

wisely increased from cluster 1 to cluster 6. Three of the identi-

fied subphenotypes, including those with a single high HbA1c

(cluster 1), obesity and insulin resistance (cluster 4), and high gly-

cemic levels (cluster 6), had increased risks of developing CKD,

but only the prediabetes in cluster 4 conferred a higher risk of

CVD compared with others. This substratification of prediabetes

might help to tailor and target thosewhowould benefitmost from

early intervention on the risk factors, thereby providing the next

step toward precision intervention.

Limitations of the study
Our study has several limitations. First, due to the relatively short

period of follow-up duration, the risks of individual CVD compo-

nents could not be estimated due to the small number of cases of

each CVD component. Second,Wagner et al. used insulin secre-

tion calculated by insulin or C-peptide level at 120 min after an

oral glucose tolerance test as clustering variables.9 However,

they were not measured in our study. Third, due to a lack of

follow-up measurements of the albumin-to-creatinine ratio

(ACR), the incidence of CKD was only determined by the esti-

mated glomerular filtration rate (eGFR) and medical history.

Fourth, the clustering analysis was based on well-known bio-

markers associated with T2DM. Other risk factors such as

behavioral factors (smoking status, healthy diet score, and phys-

ical activity), genetic factors (polygenic risk score for T2DM), or

family history of diabetes were not considered. Finally, the

generalizability of our findings was limited to Chinese adults

older than 40. The prevalence of prediabetes was also high in

children and adolescents28; future research may explore the

subphenotypes of prediabetes among them to identify the differ-

ences from adults.
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Software and algorithms

R version 4.0.3 R-Project https://www.r-project.org/

STAR Methods. Consensus clustering analysis: R package

ConsensusClusterPlus version 1.62.0

Bioconductor https://www.bioconductor.org/packages/release/

bioc/html/ConsensusClusterPlus.html

STAR Methods. K-means cluster analysis: R package fpc

version 2.2-9

R Cran http://mirrors.ustc.edu.cn/CRAN/

Biological samples

Serum and urinary samples of the participants 4C BioBank N/A
RESOURCE AVAILABILITY

Lead contact
Further information and requests for resources should be directed to andwill be fulfilled by the lead contact, Yufang Bi (byf10784@rjh.

com.cn).

Materials availability
This study did not generate new unique reagents.

Data and code availability
The patient-level data reported in this study cannot be deposited in a public repository. No new codewas generated in this study. Any

additional information required to reanalyze the data reported in this work paper is available from the lead contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Study design
The 4C study was a nationwide, multicenter, prospective, population-based study which was designed to examine the relationship

between glycemic parameters and clinical outcomes, including diabetes, CVD, and cancer. The study design of the 4C Study has

been described in detail previously.12 From 2011 to 2012, a total of 193,846 adults aged over 40 were recruited from 20 communities

located at different geographical regions in mainland China. A comprehensive set of questionnaires, clinical measurements, and lab-

oratory examinations were carried out at the baseline visit. During 2014–2016, all participants were invited to attend an in-person

follow-up visit and the same protocol for investigation was used. The study protocol and informed consent were 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.

Data collection
Data were collected from the local hospitals or community clinics at the baseline visit. Trained technicians used a standardized ques-

tionnaire to collect participants0 demographic characteristics (age, gender, and education), dietary and lifestyle risk factors (including

smoking status, alcohol drinking status, physical activity level, healthy diet score, and nighttime sleep duration), and medical history

by personal interview. Body weight, height, and waist circumference, and blood pressure were measured by the trained staff. Blood

samples were collected after an overnight fast of at least 10 h and the morning urine was also collected. The participants undertook a

standard 75 g oral glucose tolerance test and post-load blood samples were collected at 2 h. All participants underwent measure-

ments for FPG, 2 h PG, and HbA1c, TG, total cholesterol (TC), low-density lipoprotein-cholesterol (LDL-c), HDL-c, AST, ALT, GGT,

urinary albumin, and urinary creatinine. The HOMA-IR, HOMA-b, and urine ACR were calculated. At the follow-up visit, the informa-

tion on incident diseases and blood samples were collected, the FPG, 2 h PG, HbA1c, and serum creatinine were tested using the

same protocol. Details of specimen processing and data collection were described in Methods S1.
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Definitions of prediabetes
Prediabetes was defined according to the American Diabetes Association 2010 criteria,1 i.e. in participants without diabetes, FPG

between 5.6 mmol/L to 6.9 mmol/L, or 2 h PG between 7.8 mmol/L to 11.0 mmol/L, or HbA1c between 5.7% and 6.4%.

Ascertainment of incident outcomes
Information on the incident diabetes, CKD, and CVDwas collected at the follow-up visit. Diabetes was defined as FPGR7.0 mmol/L,

2 h PG after a 75g glucose load R11.1 mmol/L, or HbA1c R 6.5%, or clinically ascertained diabetes (from a diagnosed history, or

taking antidiabetic medications).1 The eGFR was calculated using the chronic kidney disease epidemiology collaboration (CKD-EPI)

equation.29 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

R90 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.30,31 Decline in eGFR was calculated as (eGFR at baseline - eGFR follow-up)/eGFR at baseline3100%. Major

CVD events in the present study included the first nonfatal myocardial infarction, nonfatal stroke, hospitalization or treatment for heart

failure that occurred during follow-up, and cardiovascular death. The occurrence of nonfatal CVD events was recorded and support-

ing medical documents were collected. Information on vital status and clinical outcomes was also collected from the local death and

disease registries of the National Disease Surveillance Point System and the National Health Insurance System. Twomembers of the

4C Morbidity and Mortality Adjudication Committee independently adjudicated each clinical event.

QUANTIFICATION AND STATISTICAL ANALYSIS

We used a forward stepwise logistic regression model to select the set of most important biomarkers that were independently asso-

ciated with T2DM based on the collected anthropometric measurements and biochemical detection. The remaining variables with all

p < 0.05 were used as clustering variables, including BMI, waist-to-hip ratio (WHR), FPG, 2 h PG, HbA1c, HOMA-IR, HOMA-b, TG,

HDL-c, ALT, AST, and GGT. Clustering analysis was done on values centered to a mean value of 0 and an SD of 1. Participants with

outlier variables (absolute standardized levels >5) were excluded from the clustering procedure.

We applied a two-step clustering strategy, in which the first step estimated the optimal number of clusters by using consensus

clustering analysis (Methods S2).32 In the second step, we applied K-means clustering specifying six clusters to the overall partic-

ipants, and each participant was assigned to a unique cluster. K-means clustering was done with a K value of 6 using the kmeansruns

function (runs = 100) in the ‘fpc’ package in R (version 4.0.3). To assess the cluster stability, we used bootstrap to perform 500 times

random resampling of the overall data and the Jaccard similarities of the original clusters to themost similar clusters in the resampled

data are computed. The computation was conducted with the clusterboot function from the ‘fpc’ package.33 Generally, stable clus-

ters should yield a Jaccard similarity of greater than 0.75.33 According to the cluster methods published by Ahlqvist et al.23 and Zou

et al.,34 we applied the gender-specific cluster analysis among participants with prediabetes at baseline and progression to T2DM at

follow-up based on five variables collected at follow-up, including age at diagnosis, BMI, FPG, HOMA-IR and HOMA-b.

Data are presented as the mean (standard deviation), median (interquartile range), or proportion (%). The comparison of mean

values between clusters used ANOVA analysis. Skewed data were log-transformed before analysis. There were 15 times pairwise

comparisons among 6 clusters and to account for multiple group comparisons, Bonferroni correction was applied with p < 0.003

(0.05/15) as statistical significance. We also calculated the Cohen0s effect size (d) to indicate the standardised difference between

the two means by removing any influence from the study sample size.35 The magnitude of the size effect was evaluated using the

following cut-off points for classification: small: d = 0.20–0.49; medium: d = 0.50–0.79; large: dR 0.80. The cohen0s d was obtained

using the cohen.d function from the ‘effsize’ package in R (version 4.0.3).

The diagnoses of most T2DM and CKD cases were based on the blood glucose and serum creatinine testing at the same time

during the baseline and follow-up visits, the exact time of the incident T2DM and CKD was not available. The cumulative incidences

of T2DM and CKD using the number of incident cases divided by the number of participants at risk. We compared the incidence of

T2DM and CKD at follow-up between baseline clusters using logistic regression. The frequencies of endpoints related to CVD were

calculated as the number of events divided by person-years of observation censored at the date of event occurrence, death, or

follow-up visit, whichever came first. Adjusted Cox proportional hazard models were used and hazard ratios (HRs) with 95% confi-

dence intervals (CIs) were calculated to estimate the risks for incident CVD by clusters. Odds ratios (ORs) (95%CI) and HRs (95%CI)

of model 1 were adjusted for age and gender, and model 2 were adjusted for age, gender, education, marital status, smoking status,

alcohol consumption, drinking tea, healthy diet score, physical activity, family history of diabetes, nighttime sleep duration, systolic

blood pressure, currently taking antihypertensive medication, and taking lipid-lowering agents. To validate the reliability of the anal-

ysis, we also performed clustering analysis using the same method and variables collected at the follow-up examination among the

participants diagnosed as prediabetes at follow-up. Another sensitivity analyses were performed by conducting a K-means clus-

tering analysis among the baseline participants with normoglycemia and those with prediabetes, and the risks of diseases were

also compared by clusters. All analyses were done using R (version 4.0.3).
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