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Abstract
Background: Iran needs pragmatic screening methods for identifying those with undiagnosed type 2 diabetes or at high risk 
of developing it. The aim of this study was to assess performance of three non-invasive risk prediction models, i.e. the Finnish 
Diabetes Risk Score (FINDRISC), the Australian Type 2 Diabetes Risk Assessment Tool (AUSDRISK), and the American Diabetes 
Association Risk Score (ADA), for identifying those with undiagnosed type 2 diabetes (prevalent type 2 diabetes at baseline without 
any treatment) or those who would develop type 2 diabetes within 5 years of follow-up 
Methods: 3467 participants aged ≥30 years without treated type 2 diabetes in the Tehran Lipid and Glucose Study (TLGS) were 
included in this study. The discrimination power of models was assessed by area under the curve (AUC), their calibrations were 
assessed by calibration plots and Hosmer–Lemeshow test, and their net benefits were assessed by decision curves. 
Results: 430 participants had undiagnosed type 2 diabetes at baseline and 203 developed type 2 diabetes during 5 years of follow-
up. AUSDRISK had the highest AUC (0.77) as compared to FINDRISC (0.75; P value: 0.014), and the ADA model (0.73; P value: 
<0.001). The original model for AUSDRISK and calibrated versions of FINDRISC and ADA models had acceptable calibration 
(Hosmer–Lemeshow chi-square <20) and these models were clinically useful in a wide range of risk thresholds as their net benefit 
was higher than no-screening scenarios.
Conclusion: The original AUSDRISK model and recalibrated models for FINDRISC and ADA are valid and effective tools for 
identifying those with undiagnosed or 5-year incident type 2 diabetes in Iran. 
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Introduction
In 2017, Iran ranked second for the highest number of 
people with type 2 diabetes in the Middle East region, 
with 8.9% of the adult population having the disease (5 
million people), about 35% of whom are undiagnosed.1 
Moreover, in our previous study in 2008, we showed 
that Iranians have high risk for type 2 diabetes with 
12.3% of the Iranian population having impaired fasting 
glucose and 11.4% of them having impaired glucose 
tolerance.2 There is strong evidence showing that lifestyle 
or pharmacological interventions can prevent type 2 
diabetes in individuals at high risk for type 2 diabetes3-6 
both of which are most effective in short-term (<5 years).7 
Moreover, early diagnosis of those with undiagnosed type 

2 diabetes can significantly prevent the complications of 
type 2 diabetes, thereby reducing its burden.8,9 Given the 
high burden of type 2 diabetes in Iran and the availability 
of pragmatic interventions, there is the need for pragmatic 
screening methods for identifying those at high risk of 
type 2 diabetes or with undiagnosed type 2 diabetes in the 
Iranian population.

Current guidelines recommend non-invasive risk 
prediction models for screening undiagnosed type 2 
diabetes and identifying those at high risk of for type 2 
diabetes.10-12 In most real-world settings like the national 
type 2 diabetes prevention program in Finland,13 risk 
prediction models are used among those without known 
type 2 diabetes (i.e. those without type 2 diabetes and 
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those with undiagnosed type 2 diabetes) to identify those 
at high risk. In the next step, high risk individuals undergo 
blood tests and receive an appropriate intervention based 
on results of blood tests (i.e. medication for type 2 diabetes 
for those with undiagnosed type 2 diabetes or preventive 
interventions for those with high risk of developing it). 

A number of non-invasive and easily administrable 
diabetes risk prediction models have been developed for 
detecting those with undiagnosed type 2 diabetes and/
or high risk individuals for type 2 diabetes in different 
settings.14,15 These have been used in several clinical 
trials for prevention of type 2 diabetes to identify high 
risk individuals, with the FINDRISC (Finnish Diabetes 
Risk Score),16 AUSDRISK (Australian Type 2 Diabetes 
Risk Assessment Tool),17 and ADA (American Diabetes 
Association Risk Score)18 risk prediction models being 
the most common risk prediction models used3,6; several 
studies also used these three risk prediction models to 
identify those with undiagnosed type 2 diabetes19-23 and 
previous systematic reviews also show that these three risk 
scores have the potential to be used in clinic settings.24 

Despite these three risk prediction model yielding 
very promising findings in studies conducted in high-
income countries, there are only a few studies in low- 
and middle-income countries that have assessed the 
performance of these risk prediction models in identifying 
those with undiagnosed type 2 diabetes and/or at high 
risk of developing it.25 Therefore, it remains unknown 
whether these three risk prediction models can be used 
in screening. This study aims to assess the discrimination 
power, calibration, and net benefit of the FINDRISC, 
AUSDRISK, and ADA risk prediction models for 
identifying individuals at high risk of type 2 diabetes (5-
year incident type 2 diabetes) or with undiagnosed type 2 
diabetes (prevalent type 2 diabetes at baseline without any 
treatment) who may benefit from interventions for type 2 
diabetes in a community-representative sample of people 
living in Tehran, the capital city of Iran. In the secondary 
analyses, we assessed performance of these three risk 
prediction models for each outcome of 5-year incidence of 
type 2 diabetes and undiagnosed type 2 diabetes separately.

Materials and Methods
Study Subjects
The Tehran Lipid and Glucose Study (TLGS) is a 
longitudinal study being conducted in a community-
representative sample of Tehran, capital of Iran, with the 
aim of determining the prevalence and incidence of non-
communicable disease and related risk factors. Details 
of TLGS have been reported previously.26 Briefly, data 
collection of 15,005 individuals was initiated in 1999-
2001 (phase 1) and all participants were re-examined 
triennially (phases 2–5).26 Of 15 005 participants, 5,630 
individuals were assigned to a lifestyle modification 
intervention,26 which significantly reduced the incidence 

of type 2 diabetes in the intervention group.27 Therefore, 
in this study, only participants in the control arm and 
those aged ≥30 years were included (n = 4908). Moreover, 
257 participants with drug-treated type 2 diabetes and 
44 participants with pregnancy were excluded. Of 4607 
eligible participants, 271 participants with no information 
on type 2 diabetes at baseline, 69 participants with no 
data on type 2 diabetes on follow-up examinations, 645 
participants with no follow-up, 155 participants will total 
follow-up <5 years were excluded, leaving 3467 participants 
for the main analyses. In secondary analyses, to assess 
the performance of the models in identifying those with 
5-year incident type 2 diabetes, we further excluded 430 
participants with undiagnosed type 2 diabetes. Since for 
assessing performance of the models in identifying those 
with undiagnosed type 2 diabetes, the follow-up data was 
not of interest, 4336 participants with available data at 
baseline were included in the analysis.

Clinical and Laboratory Measurements
Details of clinical and laboratory measurements have 
been reported elsewhere.26 The workflow was designed 
according to the World Health Organization (WHO) 
stepwise approach to non-communicable disease 
surveillance.28 Participants were interviewed to obtain 
demographics and past medical history by completing 
a 110-item standardized and validated questionnaire. 
Physical activity level was assessed with the Lipid Research 
Clinic questionnaire.29 Anthropometric measurements 
were taken with shoes removed and the participants 
wearing light clothing. Weight and height were measured 
according to the standard protocol. Waist circumference 
(WC) was measured at the level of the umbilicus. For 
measuring blood pressure, the participants remained 
seated for 15 minutes, then a qualified physician measured 
blood pressure twice after one more measurement for 
determining peak inflation level, using a standard and 
calibrated mercury sphygmomanometer. Blood samples 
were drawn between 7:00 and 9:00 am into vacutainer 
tubes from all study participants after 12–14 hours 
overnight fasting. All blood analyses were done at the 
TLGS research laboratory on the day of blood collection. 
For OGTT, 75 g anhydrous glucose was administered 
orally. Fasting plasma glucose (FPG) and 2 hour-post-
challenge plasma glucose (2h-PG) were measured using 
an enzymatic colourimetric method with glucose oxidase; 
inter- and intra-assay coefficients of variation at baseline 
and follow-up phases were both less than 2.3%. High-
density lipoprotein cholesterol (HDL-C) was measured 
after precipitation of the apolipoprotein B containing 
lipoproteins with phosphotungstic acid. Triglycerides were 
assayed using glycerol phosphate oxidase. 

Definition of Terms
The outcome was undiagnosed type 2 diabetes at baseline 
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or incidence of type 2 diabetes within the first 5 years of 
follow-up. Type 2 diabetes was ascertained in each phase of 
TLGS among participants who had FPG ≥7.0 mmol/L or 
postprandial plasma glucose ≥11.1 mmol/L and/or were 
taking glucose-lowering medication. Undiagnosed type 
2 diabetes at baseline was defined as having FPG ≥ 7.0 
mmol/L or postprandial plasma glucose ≥11.1 without 
treatment of the participants, based on self-report. The 
event date was considered as the half-time between the 
first date that the type 2 diabetes was diagnosed and the 
last known disease-free date. Censor date was defined as 
the last follow-up date in those without incident type 2 
diabetes. Based on the event date, censor date, and type 2 
diabetes status, participants were divided to 2 groups: (1) 
those with 5-year incident type 2 diabetes including those 
with type 2 diabetes at baseline and (2) those without 
5-year incident type 2 diabetes. 

The risk of developing outcome was estimated for each 
individual based on the risk prediction models at the 
baseline examination. The predicted risk was compared 
to observed risk to compare the performance of the risk 
prediction models. Body mass index (BMI) was calculated 
by dividing the weight in kilograms by the square of height 
in meters. Current smoking was ascertained in those 
participants who smoked cigarettes at least once a day or 
who smoked cigarettes occasionally. The family history 
of diabetes was defined as having at least one parent or 
sibling with diabetes. 

Brief Description of Risk Prediction Models 
The FINDRISC model was developed in a Finn 
population sample of 35–64-year-olds with no antidiabetic 
drug treatment at baseline (the study had 2 parts initiated 
in 1987 and 1992) who were followed for 10 years.16 
FINDRISC uses age, BMI, WC, physical activity, daily 
consumption of fruits, berries, or vegetables, and the 
history of antihypertensive drug treatment and history 
of high blood glucose to predict drug-treated diabetes16; 
there is also a concise version for FINDRISC model that 
did not use physical activity, and daily consumption of 
fruits, berries, or vegetables.16 Due to lack of data for 
daily consumption of vegetables, berries, or fruits in the 
baseline examination of TLGS, the concise version of the 
FINDRISC was used in the current study.16 AUSDRISK 
was developed in an Australian population aged ≥25 years 
without physician-diagnosed diabetes at baseline (year: 
1999), who were followed for 5 years17; it uses age, sex, 
ethnicity, parental history of diabetes, history of high 
blood glucose level, use of antihypertensive medications, 
smoking, physical inactivity, and WC to predict the 
incidence of type 2 diabetes based on fasting plasma 
glucose and 2-hour plasma glucose levels.17 The ADA risk 
prediction model developed in an American population 
aged ≥20 years without self-reported diagnosed type 2 
diabetes (year: 1999) to detect undiagnosed type 2 diabetes 

based on age, sex, family history of diabetes, history of 
hypertension, obesity, and physical activity.18 

Statistical Analysis
Baseline characteristics were summarized as mean (standard 
deviation: SD) values for continuous and frequencies (%) 
for categorical variables in those with and without type 2 
diabetes. Since the blood level of triglycerides had a skewed 
distribution, it was summarized by the median (IQR). 
The baseline characteristics of participants with different 
outcomes (i.e. undiagnosed type 2 diabetes at baseline, no 
diabetes after 5 years of follow-up, and 5-year incident type 
2 diabetes) were compared between by Student’s t test for 
continuous variables, the Chi-square test for categorical 
variables, and the Mann-Whitney U statistic for skewed 
variables to highlight the differences between groups.

Observations for BMI, WC, physical activity, and 
smoking status were missing in 70 (2.0%), 71 (2.0%), 
68 (2.0%), and 65 (1.9%) records, respectively. Single 
imputation was performed to impute missing values 
for variables with missing data. For imputing the 
missing values of BMI and WC linear regression and 
for imputing the missing values of physical activity and 
smoking status, logistic regression, was fitted using age, 
sex, education status, family history of diabetes, self-
report of hypertension, hyperglycemia, drug history for 
hypertension, systolic and diastolic blood pressure, FPG, 
2h-PG, HDL-C, total cholesterol, and triglycerides, and 
dyslipidemia as auxiliary variables. The imputation of 
missing values before development and/or validation of 
risk prediction models has been recommended before.30 
In the sensitivity analyses, we further imputed the missing 
values of the type 2 diabetes status in those eligible 
participants who were excluded from the analyses due to 
missing data for type 2 diabetes at baseline examination 
or after 5 years of follow up using similar methods for 
imputation (n = 1140). 

A logistic regression was fitted with type 2 diabetes as 
the outcome and the linear predictor part of each model 
as an offset variable to calibrate the risk prediction models’ 
intercept, developing a “calibrated-in-the-large” model 
for each risk prediction model.31 Furthermore, a separate 
logistic regression was fitted with type 2 diabetes as the 
outcome and the linear predictor part of each model as the 
only predictor variable to derive a calibration slope and a 
new intercepts, developing a “recalibrated” model for each 
risk prediction model.31 

To assess the discrimination power of the models, a 
receiver operating characteristic curve was plotted and 
the area under the curve (AUC) has been estimated for 
each risk prediction model. Calibration of the original, 
calibrated-in-the-large, and recalibrated models were 
assessed visually as well as using Hosmer-Lemeshow chi-
square; a Hosmer-Lemeshow chi-square higher than 20 
was defined as the clear evidence for lack of calibration.32 
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In line with guideline of the Transparent Reporting of a 
multivariable prediction model for Individual Prognosis 
or Diagnosis Initiative,33 we plotted predicted outcome 
probabilities (x-axis) against observed outcomes (y-axis) 
using a LOWESS (locally weighted scatterplot smoothing) 
line. 

Net benefit of a risk threshold (P) was calculated based 
on the number of true positives (TP) and false positives 
(FP) of model if the risk threshold was used as a cut-off for 
identifying those with the outcome as well as total number 
of the population (N), and odds of the risk threshold 
[Oddsp=P /(1-P)] in the following formula34:
Net benefit = (TP − Oddsp × FP)/N

The risk threshold is the threshold probability in which 
the expected benefit of the intervention is equal to the 
expected benefit of avoiding the intervention and can be 
assessed by the following formula34: 
OddsP = P/ (1-P) = Harm/Benefit

The risk threshold in a setting should be derived 
considering costs and performance of screening method, 
effectiveness, costs, and adverse effects of the intervention 
as well as available resources for the screening and 
intervention to derive a harm-to-benefit ratio; it may 
therefore vary in different settings. To assess the range of 
risk thresholds in which the risk prediction models are 
useful, the net benefit of the models were plotted in the 
wide range of risk thresholds to draw decision curves. The 
net benefit of the risk prediction models were compared 
with the net benefits of two different scenarios without 

screening: treat-none and treat-all. The risk prediction 
model was useful in a risk threshold if the differences 
between net benefit of risk prediction model and no-
screening methods were equal or higher than 0.01; cut-off 
of 0.01 for difference in net benefit for non-invasive or 
minimal invasive screening methods has been suggested 
previously and it is equivalent to a net number to treat/
test of 100.35 Analyses were repeated for each secondary 
outcome. All analyses were performed using Stata statistical 
software (version 14 SE). 

Results
Of the 4607 eligible participants, 3467 participants (75%) 
were included in this study, of whom 430 (12.4%) had 
undiagnosed type 2 diabetes at baseline and 203 (5.8%) 
developed type 2 diabetes during 5 years of follow-
up. Table 1 compares the baseline characteristics of 
participants. Participants aged 50 years on average and 
55% were female and their average BMI was 27.6 kg/m2. 
Participants who developed type 2 diabetes within 5 years 
of follow-up and those with undiagnosed type 2 diabetes 
had higher level of risk factors at baseline as compared to 
those with no type 2 diabetes at end of follow-up. 

Figure 1 shows the receiver operating characteristic curves 
of the models. For the main outcome (i.e. undiagnosed type 
2 diabetes at baseline or 5-year incident type 2 diabetes), 
AUSDRISK had the highest discrimination power (AUC 
= 0.77) as compared to FINDRISC (AUC = 0.75; P value 
= 0.030) and ADA risk prediction (AUC = 0.73; P value 

Table 1. Baseline Characteristics of Participants

Characteristics
Undiagnosed Type 2 Diabetes 
at Baseline (n = 430)

No Type 2 Diabetes at Baseline (n = 3037)

P Valuea5-Year Incident Type 2 Diabetes 
(n = 203)

No 5-Year Incident Type 2 
Diabetes (n = 2834)

Age 54.73 (11.70) 49.93 (11.15) 45.57 (11.14) <0.001

Sex (%)

Female 235 (54.7%) 121 (59.6%) 1564 (55.2%) 0.450

Education (%) 

Less than 6 years 248 (57.7%) 112 (55.4%) 1022 (36.1%) <0.001

6-12 years 148 (34.4%) 75 (37.1%) 1432 (50.6%)

More than 12 years 34 (7.9%) 15 (7.4%) 375 (13.3%)

Physically inactive (%) 312 (75.5%) 143 (72.2%) 2074 (74.4%) 0.680

Current smoking (%) 49 (11.8%) 27 (13.6%) 429 (15.4%) 0.150

Weight (kg) 74.78 (11.87) 75.53 (12.85) 71.51 (12.09) <0.001

BMI (kg/m2) 29.20 (4.22) 29.39 (4.74) 27.19 (4.34) <0.001

WC (cm) 96.61 (10.41) 95.63 (10.43) 89.05 (10.93) <0.001

Systolic blood pressure (mm Hg) 134.94 (24.21) 129.37 (20.80) 118.88 (17.43) <0.001

Diastolic blood pressure (mm Hg) 83.72 (12.48) 82.38 (11.15) 78.42 (10.14) <0.001

FPG (mmol/L) 8.35 (3.15) 5.68 (0.61) 5.01 (0.51) <0.001

Postprandial plasma glucose (mmol/dL) 14.93 (4.83) 7.85 (1.91) 5.98 (1.58) <0.001

Cholesterol (mmol/L)  6.15 (1.38) 5.82 (1.29) 5.52 (1.14) <0.001

HDL (mmol/L)  1.06 (0.30) 1.05 (0.26) 1.08 (0.28) 0.056

Triglycerides (mmol/L) 2.53 (1.86, 3.58) 2.12 (1.45, 3.04) 1.69 (1.16, 2.37) <0.001

Abbreviations: BMI, Body mass index; WC, Waist circumference; FPG, Fasting plasma glucose; HDL, High density lipoprotein.
a P value was calculated using Student’s t-test for continuous variables and the chi-square test for categorical variables and Man-Whitney U statistic for skewed 
variables.
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< 0.001) models. Similarly, for identifying undiagnosed 
type 2 diabetes at baseline, AUSDRISK had the highest 
discrimination power (AUC = 0.79) as compared to 
FINDRISC (AUC = 0.77, P value = 0.033) and ADA 
(AUC = 0.74, P value < 0.001); similarly, AUSDRISK 
had higher discrimination power for identifying those 
with 5-year incident type 2 diabetes (AUC = 0.70) as 
compared with ADA risk prediction model (AUC = 
0.67, P value = 0.037); however, there was no statistically 
significant difference between the discrimination powers 
of AUSDRISK (AUC = 0.70) and FINDRISC (AUC = 

0.69, P value = 0.42) models.
Figure 2 shows the calibration plot of the original and 

calibrated models. The original model for AUSDRISK 
had a reasonable calibration for identifying those 
with undiagnosed type 2 diabetes or 5-year incident 
type 2 diabetes (chi-square = 17) while the original 
models for FINDRISC and ADA risk prediction 
models underestimated the risk with chi-square >1000. 
Recalibrated models for FINDRISC and ADA, however, 
had reasonably good calibration with chi-square <20. 
Similarly, calibration of the models for other outcomes 

Figure 1. Receiver Operating Characteristic Curves.

Figure 2. The Calibration Plot of the Risk Models*. Legend: *Markers show the observed vs. predicted values across the deciles of the predicted risks.
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considerably reduced their chi-square below 20. Table 
S1 compares the equations for the original and calibrated 
models.

Figure 3 shows the decision curves of the models. Useful 
risk threshold ranges for the original models of FINDRISC 
and AUSDRISK in identifying those with undiagnosed 
type 2 diabetes or 5-year incident type 2 diabetes were 
17%–42% and 9%–71%, respectively. The original model 
for ADA was not useful in any risk threshold. Calibration 
increased the usefulness of the models considerably with 
useful risk threshold ranges for the recalibrated models of 
FINDRISC, AUSDRISK, and ADA in identifying those 
with undiagnosed type 2 diabetes or 5-year incident type 
2 diabetes being 10%–63%, 8%–64%, and 10%–42%, 
respectively. Similarly, the calibrated models were useful in 
a wide range of risk thresholds for identifying those with 
undiagnosed type 2 diabetes; however, they were useful in 
a narrow range of risk thresholds for identifying those with 
5-year incident type 2 diabetes with useful risk threshold 
ranges for the recalibrated models of FINDRISC, 
AUSDRISK, and ADA in identifying those with 5-year 
incident type 2 diabetes being 6%–10%, 6%–9%, and 
6%–8%, respectively.

The findings from sensitivity analyses regarding the 
discrimination (see Figure S1), calibration (see Figure S2) 

and net benefit (see Figure S3) of the models were similar 
to those from the primary analyses.

Discussion
Summary of Findings 
To the best of our knowledge, this is the first study to 
investigate the clinical utility of AUSDRISK, FINDRISC, 
and ADA risk prediction models for identifying 
individuals with undiagnosed type 2 diabetes or at high 
risk of developing it. Our findings showed that these three 
non-invasive diabetes risk prediction models are valid and 
reliable tools for identifying individuals with undiagnosed 
type 2 diabetes or at high risk of developing it. These three 
models had an acceptable discrimination ability, with 
AUSDRISK showing the highest discrimination ability 
for identifying those with undiagnosed type 2 diabetes or 
5-year incident type 2 diabetes (all P values < 0.05). The 
original model for AUSRISK had an acceptable calibration 
for identifying those with undiagnosed type 2 diabetes or 
5-year incident type 2 diabetes; FINDRISK and ADA 
risk prediction models reached acceptable calibration after 
recalibrating their intercept and slope. Calibrated models 
were useful in wide range of risk thresholds for identifying 
those with either undiagnosed type 2 diabetes or 5-year 
incident type 2 diabetes as well as identifying those with 

Figure 3. Decision Curves of Risk Models.
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undiagnosed type 2 diabetes per se; however, ranges of 
useful risk thresholds for identifying those with incident 
type 2 diabetes were narrow per se. 

Discrimination Power and Calibration of Risk Models 
The discrimination ability of the AUSDRISK and ADA 
risk prediction models for the main outcome in this 
study is similar to the discrimination ability obtained in 
their original studies (0.77 vs. 0.78 for AUSDRISK and 
0.73 vs. 0.74 for ADA risk prediction model); however, 
the discrimination ability for FINDRISC in this study is 
considerably lower as compared to the original study for 
FINDRISC (0.75 vs. 0.86).16-18 Furthermore, the reported 
discrimination ability of the current study is comparable 
with other independent external validation studies 
showing the similar range of AUCs14; these findings 
support that the predictive value of the predictors in our 
population is similar to those populations that have been 
used to develop and validate the risk prediction models. 
Secondary analyses showed that the discrimination power 
of the models in identifying those with undiagnosed type 2 
diabetes was considerably higher than their discrimination 
power in identifying those with 5-year incident type 2 
diabetes. 

Regarding the calibration of the models, the original 
model for AUSDRISK had an acceptable calibration for 
the main outcome of this study and original models for 
FINDRISC, and ADA risk prediction model achieved 
an acceptable calibration after calibrating the intercept 
and slope of the models. The models also achieved an 
acceptable calibration for detecting secondary outcomes 
after calibration for their intercept and slope. The need 
for calibration might be due to the higher prevalence of 
undiagnosed type 2 diabetes as well as its incidence rate in 
our population. In our population, 17.7% of our samples 
were found to have type 2 diabetes either at baseline or 
during the 5 years of follow-up, which is noticeably higher 
than that observed in the original studies of FINDRISC 
(4.1%), AUSDRISK (6.0%), and ADA (4.0%) risk 
prediction models.16-18

Clinical Utility of Risk Models
We showed the calibrated risk prediction models are 
useful in a wide range of the harm-to-benefit ratios for 
identifying those with undiagnosed type 2 diabetes or 
high risk individuals as well as for screening merely for 
undiagnosed cases; however, our findings showed that they 
are not useful for screening merely those at high risk of 
developing type 2 diabetes in most harm-to-benefit ratios. 
Based on our results, we recommend that policymakers 
consider using non-invasive risk prediction model in 
screening for those with undiagnosed type 2 diabetes or at 
high risk of developing it; these models are also useful in 
screening for undiagnosed type 2 diabetes per se. In case of 
screening for just those at high risk of type 2 diabetes, we 

recommend further research to identify a useful screening 
method. Previous studies suggested that stepwise methods 
that combine a non-invasive risk prediction model with 
another invasive measurement can identify those at high 
risk of type 2 diabetes with high performance.36-39

This study does not recommend any specific cut-off 
for the predicted risk. It should be noted that a cut-off of 
risk for type 2 diabetes should be drawn considering the 
feasibility of different treatments and their efficacy as well 
as contextual factors; so it can vary considerably in different 
settings.40 Due to variance in the prevalence of diseases, 
costs, and feasibility of treatments in different settings, 
previous literature suggested that the cut-off value for a 
diagnostic test is not universal and should be determined 
for each region and for each disease condition based on 
the harms and benefits of the screening and treatment.40 It 
can be recommended to national policymakers in Iran to 
develop a clear cut-off of risk for screening for identifying 
individuals at high risk of type 2 diabetes as has been done 
by the Centers for Disease Control and Prevention in the 
United States.41

The better calibration and discrimination power in 
AUSDRISK might be explained by several factors. First, 
out of three risk prediction models used in this study, 
only AUSDRISK used ethnicity in its model.17 The 
risk of diabetes was shown to be higher among Asians, 
Hispanics, and blacks compared to whites, before and 
after accounting for other type 2 diabetes risk factors.17 
AUSDRISK was the only risk prediction model that 
defined lower cut-offs for WC for Asian ethnicities.17 
Another reason for the better performance of AUSDRISK 
could be the higher number of variables used in its’ model 
(n = 10) as compared to FINDRISC (n = 5), and ADA risk 
prediction model (n = 6).16-18 Moreover, the outcome of 
this study was undiagnosed type 2 diabetes at baseline and 
5-year incident type 2 diabetes based on the FPG, 2h-PG 
and treatment history which is very similar to the outcome 
of the original study of AUSDRISK,17 while the original 
studies of FINDRISC and ADA had different follow-
up periods and methods for defining their outcomes. 
It is important to notice that the aim of this study was 
not to replicate the findings of the original papers of 
risk prediction models but to assess whether these risk 
prediction model can be used in screening for type 2 
diabetes in Iranian populations. 

Strengths and Limitations
This study has some strengths and limitations. For 
strengths, to the best of our knowledge, it is the first 
study that investigated the clinical utility of three well-
known risk prediction models for type 2 diabetes and it 
is one of the few studies in the low- and middle-income 
countries assessing the validation and calibration of these 
risk prediction models. We assessed the performance of 
the risk prediction models in an under-studied population 
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confronting the high and increasing burden of type 2 
diabetes. The large sample size is one of the main strengths 
of this study, leading to high precision in our estimates. As 
for limitations, we had a drop-out rate of 25%. Moreover, 
for parental history of diabetes and physical activity, our 
definition differed for the original risk prediction model 
studies, e.g. instead of using the parental history of 
diabetes to derive AUSDRISK, we used family history of 
diabetes as data on the parental history of diabetes which 
had not been collected in the TLGS study. We assessed 
the performance of the models for identifying those with 
undiagnosed type 2 diabetes or 5-year incident type 2 
diabetes based on FPG, 2h-PG, and treatment history 
among participants, aged ≥30 years, while the original 
risk prediction models have been developed for different 
outcomes and in samples with different age ranges. It 
is important to notice that the aim of this study was to 
identify a risk model that can address the current needs for 
a valid and reliable screening tool in an Iranian population 
and not to replicate the findings of the original studies of 
risk prediction models. We used Hosmer–Lemeshow chi-
square to assess the calibration of the models, while some 
evidence showed that this test has a high rejection rate of 
acceptable models when large samples are used.42 

In conclusion, we found that all of the three diabetes risk 
prediction models, AUSDRISK, FINDRISC, and ADA 
risk prediction modes had an acceptable performance for 
identifying individuals with undiagnosed type 2 diabetes 
or at high-risk of type 2 diabetes as well as only those with 
undiagnosed type 2 diabetes. We showed that they are 
useful in a wide range of harm-to-benefit ratios although 
they had limited utility in identifying those at high risk of 
developing type 2 diabetes in 5 years. Further research is 
needed to identify a useful screening method for prediction 
of type 2 diabetes. We recommend the original model of 
AUSDRISK for identifying individuals with undiagnosed 
type 2 diabetes or at high-risk of type 2 diabetes in the 
Iranian population because of its better performance as 
compared to other risk prediction models.
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