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Purpose: To develop a nomogram for predicting the risk of progression from prediabetes to 
diabetes and provide a quantitative predictive tool for early clinical screening of high-risk 
populations of diabetes.
Materials and Methods: This study was a retrospective cohort study and part of the 
investigation conducted for the Risk Evaluation of cAncers in Chinese diabeTic Individuals: 
a lONgitudinal (REACTION) study. A total of 1857 prediabetic participants at baseline under-
went oral glucose tolerance test and hemoglobin A1c (HbA1c) testing after 3 years. The areas 
under the receiver operating characteristic curves (AUCs) were adopted to measure the pre-
dictive value of progression to diabetes, using baseline fasting plasma glucose (FPG), 2-hr 
postprandial plasma glucose (2hPG), HbA1c or combined models. Decision curve analysis 
determined the model with the best discriminative ability. A nomogram was formulated and 
internally validated, providing an individualized predictive tool by calculating total scores.
Results: After 3 years, 145 participants developed diabetes, and the annual incidence was 
estimated to be 2.60%. Among the three single indicators and four combined models, model 
4 combined of FPG, 2hPG, and HbA1c showed the best performance in risk predication, 
with an AUC of 0.742. The nomogram constructed via model 4 was validated and demon-
strated good prediction for the risk of diabetes. The nomogram score/predicted probability 
was a numeric value representing the prediction model score of individual patients. Notably, 
all nomogram scores showed relatively high negative predictive values.
Conclusion: The nomogram constructed in this study effectively predicts and quantifies the 
risk of progression from prediabetes to diabetes after a 3-year follow-up and could be 
adopted to identify Chinese patients at high risk for diabetes in order to provide timely 
interventions.
Keywords: nomogram, diabetes, prediabetes, predictive value

Introduction
Diabetes is a global epidemic that has been associated with high economic costs. 
Among all countries, China has the highest number of diabetic patients in 2013 and 
is also predicted to be the most affected country by 2035.1 Studies have confirmed 
that effective interventions in prediabetes can significantly reduce the risk of its 
progression to diabetes.2–4 Thus, early screening and effectively managing predia-
betes in China are key to preventing or delaying the occurrence of diabetes, which 
in turn could spare the world from its related burden. How to recognize the 
prediabetes is thus essential to the prevention of future diabetes outbreaks.
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No standard diagnostic criteria for prediabetes have 
been established to date,5–7 and thus the definition for 
prediabetes largely varies among populations. In 2019, 
the concept of prediabetes established by the American 
Diabetes Association (ADA) was questioned8 because the 
risk of progression from prediabetes to diabetes is less 
than 2% per year, and prediabetes has minimal additional 
risk of cardiovascular disease. However, this has resulted 
in millions of new patients and requiring additional 
demand in the healthcare and pharmaceutical industries, 
prompting its description as an “artificial disease”. 
Therefore, it is vital to strike a balance between the cost 
of interventions for prediabetes population and its poten-
tial benefits. The solution to this issue is to precisely 
recognize those with a real high risk of progression to 
diabetes among the prediabetes population. However, as 
the country with the highest number of diabetic and pre-
diabetic patients, there is still a lack of powerful and 
individualized predictive tools for evaluating the risk of 
progression from prediabetes to diabetes in China.

Recently, some screening scales have been developed to 
identify individuals with high risk of diabetes from non- 
diabetes populations based on different risk factors,9–13 but 
only a few reports on predictive models that can personally 
assess the risk of progression from prediabetes to diabetes. 
Among various models for predicting the risk of disease, 
nomograms transform complex regression equations into 
simple and visual graphs with highly readable prediction 
results and have high clinical application value. In previous 
studies, several nomograms have been formulated to identify 
individuals with high risk of diabetes, via the combination of 
traditional risk factors. However, none of these simulta-
neously utilized fasting plasma glucose (FPG), 2-hours post-
prandial plasma glucose (2hPG), hemoglobin A1c (HbA1c) 
as predictors of diabetes.14–17 Here, we construct an intern-
ally validated nomogram that predicts and quantifies the risk 
of progression from prediabetes to diabetes based on FPG, 
2hPG, and HbA1c, as well as provide a quantitative and 
individualized prediction tool for early identification of peo-
ple at high risk of diabetes.

Materials and Methods
Study Population and Ethics Statement
This study was a retrospective cohort study and part of the 
baseline and 3-year follow-up investigation conducted for 
the Risk Evaluation of cAncers in Chinese diabeTic 
Individuals: a lONgitudinal (REACTION) study.18,19 In 

2012, a total of 10,028 subjects (including 6458 women) 
aged from 40 to 90 from 4 urban communities (3 from 
Jining city and 1 from Jinan city) were recruited for the 
baseline survey. In 2015, a 3-year follow-up was per-
formed, serving as the first visit following the baseline 
survey. The overall follow-up rate was 77.8%, including 
4778 subjects who participated in the on-site follow-up, 
2864 subjects who received a telephone survey, 159 sub-
jects who failed to survive to follow-up, and 2227 subjects 
lost. Among the 4778 subjects in our on-site follow-up, 
2921 subjects who had normal glucose tolerance, diabetes, 
splenectomy, chronic kidney disease, liver dysfunction, 
cancer, or glucocorticoid therapy at baseline were 
excluded. Finally, 1857 prediabetic subjects (including 
1163 women) at baseline were eligible for our analysis. 
No special intervention was introduced to the cohort. For 
those subjects excluded according to our exclusion criteria, 
their information was updated to local health center and 
their family doctors. This study protocol was approved by 
the institutional review board at the Department of 
Endocrinology and Metabolic Disease, Ruijin Hospital, 
Shanghai Jiao Tong University School of Medicine. 
Written informed consents were obtained.

Data Collection
All investigators responsible for both surveys underwent 
extensive training on the use of the study questionnaires 
and outcome measures before investigation. A standard 
questionnaire applied through face-to-face interviews was 
adopted for data on lifestyle and demographic character-
istics. The anthropometric data collected included height, 
weight, blood pressure (BP), and heart rate (HR). BP 
measurements were obtained at 1-min intervals from the 
right arm and the mean of three consecutive measurements 
was used for analysis. HR was measured under resting 
status. Body mass index (BMI) was calculated as weight 
(kg) divided by height squared (m2).

Fasting blood samples were collected in the morning 
after at least 10 h of overnight fasting and post-challenge 
blood samples were obtained 2 h post 75 g oral glucose 
load for the OGTT. Plasma glucose levels were measured 
by glucose oxidase method via an automated clinical 
chemistry analyzer. HbA1c was measured by ion- 
exchange high-performance liquid chromatography using 
an automated glycated hemoglobin meter (Bio-Rad, 
Variant, USA). Creatinine (CR), total cholesterol (TC), 
low-density lipoprotein cholesterol (LDL-c), high-density 

https://doi.org/10.2147/DMSO.S307456                                                                                                                                                                                                                               

DovePress                                                                                             

Diabetes, Metabolic Syndrome and Obesity: Targets and Therapy 2021:14 2642

Liang et al                                                                                                                                                             Dovepress

https://www.dovepress.com
https://www.dovepress.com


lipoprotein cholesterol (HDL-c), and triglycerides (TG) 
were determined as previously described.20

Definitions and Diagnostic Criteria
According to the 2010 ADA diagnostic criteria,5 predia-
betes is defined as meeting at least one of the following 
criteria: 1) impaired fasting glucose (IFG): FPG≥5.6 
mmol/L and <7.0 mmol/L; 2) impaired glucose tolerance 
(IGT): 2hPG ≥7.8 mmol/L and <11.1 mmol/L; 3) HbA1c 
≥5.7% and <6.5%. Incident diabetes was defined as meet-
ing at least one of the following criteria: FPG ≥7.0 mmol/ 
L, 2hPG ≥11.1 mmol/L, and/or HbA1c ≥6.5%. We did not 
record the type of diabetes among incident cases. 
However, all subjects in this study were aged at least 40 
at baseline, which means that they were unlikely to have 
had type 1 diabetes.

Statistical Analysis
Continuous variables were expressed as mean ± SD and 
compared using unpaired t-test or Kruskal Wallis test. 
Categorical variables were expressed as the number (pro-
portion) and compared by χ2 test. The areas under curves 
(AUCs) of receiver operating characteristic (ROC) were 
used to measure the predictive value of progression to 
diabetes after 3 years, utilizing the baseline FPG, 2hPG, 
HbA1c, combined model 1 (combination of FPG and 
2hPG), model 2 (combination of FPG and HbA1c), 
model 3 (combination of 2hPG and HbA1c), and model 
4 (combination of FPG, 2hPG and HbA1c). Decision 
curve analysis (DCA) was used to determine the predictive 
model with the best discriminative ability.15 Such analyses 
provide insights into the range of predicted risks for which 
the model has a higher net benefit than simply either 
classifying all patients as having the outcome or no 
patients as having the outcome. For the clinical use of 
the predictive model with the best discriminative abilities, 
a nomogram was formulated by traditional logistic regres-
sion model methods, so that the total scores of each patient 
could be calculated based on the nomogram.14 For internal 
validation of this nomogram, ROC curves constructed by 
bootstrap resampling (times = 500) were used to obtain 
95% CI with the AUC.21 The sensitivity, specificity, pre-
dictive value, and likelihood ratio were determined accord-
ing to the diagnostic testing methodology. The statistical 
analyses were 2-tailed, and differences with a P value 
<0.05 were considered statistically significant. All statisti-
cal analyses were were established with R version 3.6.3 
(http://www.R-project.org) and EmpowerStats software 

(www.empowerstats.com, X&Y solutions, Inc. Boston, 
MA, USA).

Results
Baseline Characteristics of Groups with 
Different Follow-Up Outcomes
A total of 1857 participants defined as prediabetes via the 
2010 ADA diagnostic criteria were included in this study. 
After a 3-year follow-up, 145 of the 1857 participants 
progressed to diabetes, and the annual incidence was esti-
mated to be 2.60%. Participants were divided into a group 
that did not progress to diabetes (n = 1712) and a group 
that progressed to diabetes (n = 145). The baseline char-
acteristics of these groups are presented in Table 1, includ-
ing age, gender, BMI, BP, HR, FPG, 2hPG, HbA1c, CR, 
TC, LDL-c, HDL-c, and TG. Compared with the group 
that did not progress to diabetes, in addition to the obvious 
higher FPG (p < 0.001), 2hPG (p < 0.001), and HbA1c (p 
< 0.001), the group that progressed to diabetes were elder 
(p <0.001), with a higher proportion of males and higher 
plasma creatinine levels (p <0.001), whereas there was no 
statistically significant difference in BMI (p =0.569), sys-
tolic blood pressure (p =0 0.715), diastolic blood pressure 
(p = 0.715), TC (p = 0.821), LDL-c (p = 0.725), HDL-c (p 
= 0.186), or TG (p = 0.083) was observed.

Predictive Values of Progression from 
Prediabetes to Diabetes via Different 
Models
We aimed to establish an effective model to clinically 
predict the risk of progression from prediabetes to diabetes 
in Chinese population. Because FBG, 2hPG, and HbA1c 
are recommended glycemic measures that define predia-
betes and diabetes in 2010 ADA diagnostic criteria, we 
analyzed the relationship between the detection incidence 
of diabetes and these indicators alone or the combined 
models. As shown in Table 2, the detection incidence of 
diabetes increased with the number of abnormal glycemic 
measures. This incidence was higher in individuals with 
isolated IGT (5.26%, 1/19) than in those with isolated IFG 
(4.33%, 9/208) or isolated elevated HbA1c (3.94%, 37/ 
940). Furthermore, the incidence of diabetes was higher in 
individuals with IFG and elevated HbA1c (11.78%, 55/ 
467) and in those with IGT and elevated HbA1c (13.33%, 
8/60) than in those with combined IGT and IFG (5.88%, 2/ 
34). Individuals with three abnormal glycemic measures 
had the highest incidence of diabetes (25.58%, 33/129).
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Furthermore, we constructed ROC curves to quantify 
the predictive authenticity of the above models. Figure 1 
showed the ROC curves of FPG, 2hPG, HbA1c, and their 
combined models for predicting the risk of progression to 
diabetes in a 3-year follow-up. The predicted 

performance of single indicator such as FPG, 2hPG, 
and HbA1c was relatively insufficient, with the AUCs 
of 0.673, 0.648, and 0.662, respectively. Among the four 
combined models, the prediction performance of model 4 
(combination of FPG, 2hPG and HbA1c), with an AUC 

Table 2 Incidence of Diabetes Based on Glucose Tolerance Status After a Follow-Up of 3 Years Among Study Participants with 
Prediabetes at Baseline

Variable Glucose Tolerance Participants, 
n

Participants 
Developing 
Diabetes, n

Detection 
Incidence 
(%)

Annual 
Incidence 
(%)

FPG 
(mmol/L)

PPG 
(mmol/L)

HbA1c 
(%)

Isolated impaired fasting glucose 5.6–6.9 <7.8 <5.7 208 9 4.33 1.44

Isolated impaired glucose tolerance <5.6 7.8–11.0 <5.7 19 1 5.26 1.75

Isolated elevated HbA1c <5.6 <7.8 5.7–6.4 940 37 3.94 1.31

Combined impaired fasting glucose 

and impaired glucose tolerance

5.6–6.9 7.8–11.0 <5.7 34 2 5.88 1.96

Combined impaired fasting glucose 

and elevated HbA1c

5.6–6.9 <7.8 5.7–6.4 467 55 11.78 3.93

Combined impaired glucose 

tolerance and elevated HbA1c

<5.6 7.8–11.0 5.7–6.4 60 8 13.33 4.44

Combined impaired fasting glucose, 

impaired glucose tolerance, and 
elevated HbA1c

5.6–6.9 7.8–11.0 5.7–6.4 129 33 25.58 8.53

Total participants with prediabetes – – – 1857 145 7.81 2.60

Abbreviation: FPG, fasting plasma glucose; PPG (2hr), postprandial plasma glucose, HbA1c, hemoglobin A1c.

Table 1 Characteristics of Subjects with Prediabetes at Baseline and Progression to Diabetes at a 3-Years Follow-Up

Variable No Progression to Diabetes n=1712 Progression to Diabetes n=145 P-value

Age (years) 58.16 ± 8.71 61.01 ± 9.51 <0.001

Gender, n (%) 0.014

Female 1163 (67.93) 84 (57.93)

Male 549 (32.07) 61 (42.07)

BMI (kg/m2) 26.19 ± 3.36 26.36 ± 3.91 0.569

SBP (mmHg) 139.50 ± 20.18 138.86 ± 21.47 0.715

DBP (mmHg) 80.76 ± 12.27 81.14 ± 11.02 0.717

HR (beats/min) 77.98 ± 10.89 78.43 ± 9.82 0.634

FPG (mmol/L) 5.47 ± 0.57 5.84 ± 0.59 <0.001

PPG (mmol/L) 5.90 ± 1.44 6.83 ± 1.82 <0.001

HbA1c (%) 5.89 ± 0.28 6.05 ± 0.26 <0.001

CR (umol/L) 64.97 ± 10.05 68.16 ± 12.34 <0.001

TC (mmol/L) 5.46 ± 0.95 5.47 ± 0.93 0.821

LDL-c (mmol/L) 3.23 ± 0.81 3.25 ± 0.79 0.725

HDL-c (mmol/L) 1.51 ± 0.32 1.47 ± 0.33 0.186

TG (mmol/L) 1.59 ± 1.03 1.75 ± 1.11 0.083

Note: Values are presented as the mean ± SD for continuous variables and n (%) for proportions. 
Abbreviations: BMI, body mass index; SBP, systolic blood pressure; DBP, diastolic blood pressure; HR, heart rate; FPG, fasting plasma glucose; PPG (2hr), postprandial 
plasma glucose; HbA1c, hemoglobin A1c; CR, creatinine; TC, total cholesterol; LDL-c, low-density lipoprotein cholesterol; HDL-c, high-density lipoprotein cholesterol; TG, 
triglycerides.
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of 0.742, was better than those of model 1 (combination 
of FPG and 2hPG), with an AUC of 0.696, or model 2 
(combination of FPG and HbA1c), with an AUC of 
0.732, or model 3 (combination of 2hPG and HbA1c), 
with an AUC of 0.713. ROC curves suggested that model 
4 shows the best authenticity in predicting the risk of 
progression from prediabetes to diabetes in our study 
population.

To further evaluate the discriminative ability and net 
benefits of these models, DCA was performed. The DCA 
results of the seven predictors are shown in Figure 2. In 
general, especially for predicted probability thresholds 
between 0% and 30%, model 4 showed the highest net 
benefit. Therefore, model 4 exhibited the best accuracy for 
risk prediction and the highest net benefit. Then based on 
model 4, a nomogram predicting the risk of progression to 
diabetes was constructed.

Nomogram Effectively Predicting 
Individual Diabetes Risk
We constructed a nomogram to predict the risk of progres-
sion from prediabetes to diabetes based on model 4 

(Figure 3). The nomogram consists of graph lines that 
include risk factors (FPG, 2hPG, and HbA1c), individual 
scores (Points), total scores (Total Points), and event risk 
(DM AFTER 3 YEARS). The line segment corresponding 
to each risk factor is marked by scale, which represents the 
range of possible values of the factor, and the length of the 
line segment reflects the contribution of the factor to the 
outcome event. “Points” at the top of the graph indicate 
the corresponding scores of risk factors under different 
values. The total score of all individual scores of the risk 
factors is “Total Points”, which corresponds to “DM 
AFTER 3 YEARS” at the bottom of the graph. “DM 
AFTER 3 YEARS” represents the quantified predicted 
probability of progression to diabetes risk 3 years later 
among the prediabetes population, as suggested by our 
designed nomogram.

The nomogram was internally validated by bootstrap 
resampling and demonstrated good performance in pre-
dicting the risk of progression to diabetes, with 
a corrected AUC of 0.732 and 95% CI 0.688–0.776 
(Figure 4). Moreover, the prediction accuracy of the 
nomogram is presented in Table 3. The nomogram score/ 
predicted probability was a numeric value representing the 
prediction model score of the individual patient. For exam-
ple, using a cutoff value of 0.20, sensitivity was 28.96%, 
specificity was 94.68%, positive predictive value was 
31.57%, negative predictive value was 94.02%, positive 
likelihood ratio was 5.44, and negative likelihood ratio 
was 0.75. Notably, all nomogram scores showed relatively 
high negative predictive values.

Discussion
Latest epidemiological investigation reported that the esti-
mated overall prevalence of prediabetes in China is 
35.7%.22 How to perform an effective intervention for 
prediabetes is thus key to preventing diabetes. However, 
only a small proportion of prediabetes would develop 
diabetes, and thus it is not cost-effective to perform an 
intervention involving the entire prediabetes population, 
yet there continues to be a need to identify those with 
real high risk of progression to diabetes among predia-
betes. Using this approach, we can rationally allocate the 
medical expenses for diabetes prevention and treatment.

For this purpose, this study constructed a personalized 
nomogram to predict the risk of progression from predia-
betes to diabetes with commonly used glucose metabolism 
indexes and proved the accuracy of its prediction results 
through internal verification. The nomogram transforms 

Figure 1 The ROC curves of FPG, 2hPG, HbA1c and their combined models for 
predicting the risk of progression to diabetes at a 3-years follow-up. 
Notes: MODEL 1 (FPG+PPG): logit (DM AFTER 3 YEARS) = −8.87669 
+0.84650*FPG+0.25579*PPG. MODEL 2 (FPG+HbA1C): logit (DM AFTER 3 
YEARS) = −20.76236+1.07403*FPG+2.05013*HbA1C. MODEL 3 (PPG+HbA1c): 
logit (DM AFTER 3 YEARS) = −16.38711+0.32623*PPG+1.98712*HbA1c. 
MODEL 4 (FPG+PPG+HbA1C): logit (DM AFTER 3 YEARS) = −19.95108 
+0.84133*FPG+0.21615*PPG+1.90585*HbA1C. 
Abbreviations: ROC, receiver operating characteristic; AUC, area under curve; 
DM, diabetes mellitus; FPG, fasting plasma glucose; PPG (2-hr), postprandial plasma 
glucose; HbA1c, hemoglobin A1c.
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complex regression equations into simple and visual 
graphs, with strong readability of prediction results and 
high clinical application value. Some nomograms predict-
ing diabetes risk were established. A nomogram developed 
from a cross-sectional study in South Korea adapted 
demographic characteristics and past medical history to 
predict current risk of diabetes. However, this nomogram 
cannot predict the risk of disease progression, such as the 
progression from prediabetes and diabetes. In addition, the 
variables used in this nomogram only indirectly reflected 
glucose metabolism status.14 Another nomogram was 
established based on a 3-year follow-up in Chinese popu-
lation to predict the risk of progression from non-diabetes 
to diabetes using FPG and other indicators not directly 
related with glucose metabolism were utilized. However, 
the risks of progression to diabetes of normal glucose 
tolerance individuals and prediabetes are largely vary. In 
addition, HbA1c and 2hPG were not adapted in this 

nomogram, impairing its clinical application value.15 In 
our study, the nomogram was based on the follow-up 
results of the cohort study, adopting FPG, 2hPG, and 
HbA1c as risk factors, and thus showing a more reliable 
predictive power in clinical practice.

Many diabetes risk prediction models or scoring standards 
applicable to the population of various countries have been 
designed and proven to be effective in identifying people at 
high risk of diabetes in the future.9–13,23 One research evalu-
ated 25 prediction models from 16 studies for the risk of 
development of type 2 diabetes and externally validated their 
finding in a large independent cohort. This study suggested 
that existing prediction models, even with only limited infor-
mation, performed well to identify those at high risk, but could 
not sufficiently the quantify actual risk of future diabetes.24

Based on diagnostic indicators of prediabetes and 
diabetes, this study constructed a nomogram that pre-
dicted the risk of progression from prediabetes to 

Figure 2 The DCA of the seven predictive models for diabetes at a 3-years follow-up. 
Notes: Net benefit curves of seven predictive models. “None” line=net benefit when no participant is considered as having the outcome (progression to diabetes); “All” 
line=net benefit when all participants are considered as having the outcome. The preferred model is the model with the highest net benefit at any given threshold. 
Abbreviation: FPG, fasting plasma glucose; PPG (2-hr), postprandial plasma glucose; HbA1c, hemoglobin A1c.
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diabetes risk using traditional logistic regression model 
methods. The nomogram was internally validated by 
bootstrap resampling and demonstrated good perfor-
mance in predicting the risk of progression to diabetes. 
All subjects in this study completed 75g-OGTT and 
HbA1c testing at baseline and at 3-years of follow-up. 
Hence, the nomogram we constructed is mainly suitable 
for people who have been screened for diabetes and 
have prediabetes or normal glucose metabolism, which 
helps in the personal prediction of diabetes in high-risk 
people, and then formulate corresponding prevention or 
intervention measures. However, this study has a limited 
sample size, and thus further studies using a larger study 
cohort is needed. At the same time, the subjects are 
middle-aged and elderly residents of urban communities 
in China, and thus there is a need to verify our findings 
in other individuals from other regions and countries. In 
addition, because this study was a retrospective cohort 
study, selective bias exists and may have some impact 

Figure 3 Nomogram to predict the risk of progression to diabetes at a 3-years follow-up based on MODEL 4. 
Notes: The nomogram consists of graph lines that include risk factors (FPG, 2hPG, HbA1C), individual scores (Points), total scores (Total Points), and event risk (DM 
AFTER 3 YEARS). The line segment corresponding to each risk factor is marked with a scale, which represents the range of possible values of the factor, and the length of 
the line segment reflects the contribution of the factor to the outcome event. “Points” at the top of the graph indicate the corresponding scores of risk factors under 
different values. The total score of all the individual scores of the risk factors is “Total Points”, which corresponds to “DM AFTER 3 YEARS” at the bottom of the graph, 
which represents the predicted probability of progression to diabetes risk 3 years later. 
Abbreviations: DM, diabetes mellitus; FPG, fasting plasma glucose; PPG (2-hr), postprandial plasma glucose; HbA1c, hemoglobin A1c.

Figure 4 The ROC curve after internal validation using bootstrap resampling 
(times = 500). 
Notes: The area under the ROC curve (AUC) was 0.732 (95% CI 0.688–0.776). 
Blue shading shows the bootstrap estimated 95% CI with the AUC.
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on its clinical application value. Due to the natural 
limitations of retrospective cohort studies, our nomo-
gram predicts the risk of progression of prediabetes to 
diabetes in a 3-year follow-up. The predictive value for 
other time period requires further confirmation.

Conclusion
This study constructed a nomogram that effectively pre-
dicts and quantifies the risk of progression from predia-
betes to diabetes in Chinese population after a 3-year 
follow-up and could be adopted to identify patients with 
high risk of diabetes in Chinese population so that timely 
interventions may be performed.

Abbreviations
ADA, American Diabetes Association; DM, diabetes mel-
litus; FPG, fasting plasma glucose; 2hPG, 2-hours post-
prandial plasma glucose; HbA1c, hemoglobin A1c; SBP, 
Systolic blood pressure; DBP, diastolic blood pressure; 
HR, heart rate; BMI, body mass index; CR, creatinine; 
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