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Abstract

Objectives To assess the validity of the San Antonio heart

study (SAHS) diabetes prediction model in a large repre-

sentative Iranian population.

Methods A risk function derived from data in the SAHS

to predict the 7.5-year risk of diabetes, was tested for its

ability to predict incident diabetes in 3,242 individuals

aged C20 years. The performance or ability to accurately

predict diabetes risk, of the SAHS function compared with

the performance of risk functions developed specifically

from the Tehran lipid and glucose study. Comparisons

included goodness of fit, discrimination, and calibration.

Results The participants were followed for 6.3 years. The

area under the receiver operating characteristic curve

(AROC) for diabetes of SAHS model was 0.83 (95% CI

0.80–0.86). The model overestimated the risk of diabetes in

TLGS population with the overall bias of 111%. After the

recalibration, the model-predicted probability agreed well

with the actual observed 6-year risk of diabetes.

Discussion and conclusion The American SAHS was a

prediction model for diabetes with good discrimination in

an Iranian target population after calibration.

Keywords Prediction � Model � Diabetes � Validation �
General practice � Screening

Introduction

The Middle East is expected to bear one of the world’s

greatest increases in the absolute burden of diabetes

(hereafter diabetes) in the near future (Wild et al. 2004;

Hadaegh et al. 2008). Some investigators have used cross-

sectional data to develop models to detect prevalent dia-

betes (Colagiuri et al. 2002). Definitive evidence of benefit,

however, is lacking on the role of early detection of

undiagnosed diabetes in asymptomatic individuals as a

strategy to reduce the personal, public, and economic cost

of diabetes (Colagiuri et al. 2004). On the other hand,

several recent clinical trials have shown that diabetes in

high-risk individuals can be prevented or the onset delayed

by lifestyle modifications or pharmaceutical intervention

(Pan et al. 1997; Knowler et al. 2002). The evidence for

diabetes prevention is based on identifying individuals with

impaired glucose tolerance (IGT) using 2-h post-challenge

plasma glucose (2h-PCPG) levels test, which is time con-

suming, costly, and inconvenient (McNeely et al. 2003).

These findings have become the basis on which the

investigations to use longitudinal data, from cohorts free of

diabetes at baseline, for predicting the development of

diabetes in 8–10 years. Models have included readily

available demographic, anthropometric, and clinical risk

factors and diagnostic tests (Stern et al. 2002; Lindstrom

and Tuomilehto 2003). Individualized primary prevention

in high-risk individuals to prevent diabetes is a feasible and

attractive way to reduce diabetes-related morbidity and

mortality. Therefore, accurately predicting diabetes may

help targeted interventions to prevent diabetes in every day

M. Bozorgmanesh � F. Hadaegh (&) � A. Zabetian � F. Azizi

Prevention of Metabolic Disorders Research Center,

Research Institute for Endocrine Sciences,

Shahid Beheshti University of Medical Sciences,

P.O. Box 19395-4763, Tehran, Islamic Republic of Iran

e-mail: fzhadaegh@endocrine.ac.ir

M. Bozorgmanesh

e-mail: mr_bozorgmanesh@endocrine.ac.ir

A. Zabetian

e-mail: zabetian@endocrine.ac.ir

F. Azizi

e-mail: azizi@endocrine.ac.ir

Int J Public Health (2010) 55:315–323

DOI 10.1007/s00038-010-0130-y



clinical practice, and facilitate the efficient allocation of

resources in public health policy; the major challenge in

this case would be to identify those with high risk of

developing diabetes in the future (Stern et al. 2002; Lind-

strom and Tuomilehto 2003; McNeely et al. 2003).

Previous models have been shown to have the same per-

formances, with a sensitivity of 70–75% and specificity of

55–70% (Lindstrom and Tuomilehto 2003; Glumer et al.

2004). The majority of models have been developed and

validated in Caucasian population and it has been shown

that they could not be necessarily applicable to other

populations of different ethnic origin (Glumer et al. 2006).

Currently proposed models yielded low validity when

applied to a new population, most likely due to differences

in population characteristics. Models to predict future risk

for diabetes should be simple, parsimonious, and accurate.

The choice of predictors depends in part on how the model

will be implemented. To choose a model, the availability of

risk factor data in the clinical setting, the optimal cut-point

to define high-risk individuals, and the simplicity of the

model should be considered (Herman 2009). Performance

of diabetes risk models should be assessed in the target

population where they will be applied.

The 7.5-year diabetes risk prediction equation with

simple clinical variables developed using data from the San

Antonio Heart Study (SAHS), and has been reported to have

a good discriminatory capacity. The utility of the San

Antonio diabetes prediction model (SADPM) has been

tested in some populations such as, the German cross-sec-

tional cohort, the Japanese American prospective cohort,

and most recently in a Chinese population, with conflicting

results on external validity in populations of different ethnic

backgrounds (McNeely et al. 2003; Rathmann et al. 2005;

Chien et al. 2009). All variables used in this equation [age,

sex, ethnicity, systolic blood pressure, high-density lipo-

protein cholesterol (HDL-C), body mass index (BMI), and

family history of diabetes and fasting plasma glucose

(FPG)] were available in the Tehran lipid and glucose study

(TLGS) and the age of the participants of the SAHS (mean

42.6–44.8 years) was close to those of TLGS (41.6 years);

we, therefore, assessed the applicability of SAHS diabetes

prediction model (SADPM) to an Iranian adult population.

Methods

Study population

In 1999–2001 the TLGS recruited a population-based cohort

of more than 15,000 residents of district 13 of Tehran aged

over 3 years, as a representative of Tehran population to

participate in a baseline study. The rationale and design of

the study has been described elsewhere (Azizi et al. 2009).

Among the subjects C20 years (n = 10,368) we excluded

individuals assigned to intervention study (n = 3,931), those

with prevalent diabetes mellitus (using oral hypoglycemic

agents or insulin, baseline FPG C 7.0 mmol/l or 2h-PCPG

C11.1 mmol/l, n = 698), and those with incomplete data on

diabetes status (n = 623) or baseline clinical measurements

(n = 98). Remaining 5,018 individuals were followed up to

the second (2002–2005) and third (2005–2008) TLGS

examinations, *3 years apart, for an average period of

6.3 years (Fig. 1). Participants who did not attend follow-up

study (n = 1,297) and those who left the study before the end

of the follow-up period without first developing diabetes

(n = 479) were excluded from the final analysis leaving

3,242 participants (participation rate = 65%).The screening

method in the baseline as well as the follow-up visits was the

same and included measurement of both FPG and 2h-PCPG.

The main reasons for lack of attendance at follow-up

examinations, despite repeated calls, were either migration

or other personal reasons. Informed written consent was

obtained from all subjects and the Ethical Committee of

Research Institute for Endocrine Sciences approved this

study.

Clinical, anthropometric, and laboratory measurements

The baseline examination included information on age,

sex, family history of diabetes and medication use. Height,

weight, waist circumference (WC), blood pressure, plasma

glucose level, total and HDL-C, and serum triglycerides

(TGs) levels were measured by using previously reported

methods (Azizi et al. 2009); BMI calculated as weight (kg)

divided by height (m) squared. The standard 2h-PCPG was

performed for all individuals C20 years, not on anti-dia-

betic drugs. Serum low-density lipoprotein cholesterol

(LDL-C) levels were estimated by the Friedwald formula

for those with serum TG \400 mg/dl (Friedwald et al.

1972).

Definition of variables and outcomes

Participants were classified as developing new diabetes

during follow-up if they had FPG C7 mmol/l, or 2h-PCPG

C11.1 mmol/l or taking anti-diabetic medication (Genuth

et al. 2003).

Statistical analysis

Mean and standard deviation were used to describe con-

tinuous variables, while frequency distributions were

obtained for categorical variables. The Student’s t test was

used to assess the significance of associations for contin-

uous data, v2 for categorical, and Mann–Whitney U

statistic for ordinal variables.
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Our primary focus was to examine the transferability of

the SADPM to a representative population of Iran. The

performance of the SADPM among the TLGS cohort was

assessed according to three evaluations: re-estimation,

discrimination, and calibration.

Re-estimation shows the contribution to the incident

diabetes of predictors used in the SADPM in the TLGS.

We re-estimated the SADPM by developing multiple

logistic regression models to predict incident diabetes,

using the same variables as those incorporated in SADPM.

Following Stern et al. (2002), we refer to this model as the

full model, which included age, sex, FPG and 2h-PCPG,

systolic and diastolic blood pressures, total, LDL and HDL

cholesterol levels, TGs, BMI, and family history of dia-

betes. The statistical significance of each interaction term

between sex and other factors was tested and likelihood

ratio test was used to globally compare models with and

without interactions. The importance of the 2h-PCPG

levels for predicting diabetes was assessed by comparing

the full model with a nested model that excluded the 2h-

PCPG. We also examined the SADPM, a simplified model

based on widely recognized diabetes risk factors. The

variables used in the clinical model were age, sex, fasting

glucose level, systolic blood pressure, HDL cholesterol

level, BMI, and family history of diabetes. This model was

also examined with (or without) selected interactions, and

with (or without) 2h-PCPG.

Calibration measures how closely predicted risk is in

concordance with observed actual outcomes (Hanley and

McNeil 1982). We estimated the risk of incident diabetes

for each participant by applying the SADPM function to

the TLGS data. SADPM-predicted risks were then used to

divide the observations into deciles of predicted risk. Pre-

dicted and actual numbers of events for each decile were

then calculated and plots were constructed. The chi-square

test proposed by Hosmer and Lemeshow (2000) was used

to test the hypothesis that the observed and the expected

number of events in each decile are equal.

Discrimination is the ability of a prediction model to

separate those who experience an events from those who

do not. We quantified this by calculating the area under a

receiver operating characteristic (ROC) curve (AROC)

for the multivariable models and 2h-PCPG. The AROCs

were compared implementing the approach suggested by

DeLong (DeLong et al. 1988). To obtain unbiased esti-

mates of predictive accuracy SPSS 17.0 was used to

implement an internal bootstrap on a total of 20,000

random samples of 3,242 subjects and the ability of the

SADPM to discriminate participants with future diabetes

was tested.

Nested models were compared by using likelihood ratio

testing as global measure of goodness of fit.

Overall bias in predicted diabetes incidence was esti-

mated as

Phase 1 (1999-2001): 10368 aged 20 years 

Eligible subjects: 5018 non-diabetic individuals aged 20 

Phase 2 (2002-2005): 2937 non-diabetic individuals aged 20 

67 Diabetic 
individuals

2270 Non-diabetic 
individuals

479 Lost to follow-up 

43 Diabetic 
individuals

741 Non-diabetic 
individuals

1297 Lost to follow-up

121 diabetic individuals 

Intervention group (n=3931)

Prevalent diabetes (n=698)

Missing data (n=721) 

2337 attended phase 2 784 did not attend phase 2 

Phase 3 (2005-2008): 3121 non-diabetic individuals aged 20 

Fig. 1 Study population:

included, excluded, lost to the

follow-up and events, and

censored individuals
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Over all bias¼ Predicted incidenceð½
�Observed incidenceÞ= Observed incidenceð Þ�
�100:

When there is a systematic overestimation or

underestimation of risk, transferring a prediction function

from one setting to another needs a process known as

recalibration. Because the SADPM was derived from a data

of longer follow-up duration than that of our study, and

hence, with higher incident diabetes, we performed a

simple recalibration by multiplying the risk of each

individual by the ratio of the SAHS diabetes incidence

rate into the TLGS diabetes incidence rate.

Comparability between the participants and non-partic-

ipants was supported by propensity score analysis. We

developed a logistic regression models in which partici-

pation was predicted using baseline data on 5,018

participants regarding age, sex, systolic and diastolic blood

pressure, TC, HDL-C, TG, BMI, FPG, 2h-PCPG, and

family history of diabetes. We used the predicted values

from these models (the propensity scores) in the main

analysis models as one of the covariates and observed that

propensity for participation was unrelated to diabetes

development and that including participation propensity

score covariate did not change models performances.

Results

Among 3,242 participants, who completed the follow-up

(median 6.2 years), 231(7.1%) developed diabetes [Men 88

(6.4%), women 143 (7.6%)]. Baseline characteristics of the

participants are represented in Table 1. Plausible interac-

tions were tested between sex and anthropometric

measures as well as systolic and diastolic blood pressure,

TG, HDL-C, FPG, and 2h-PCPG, but none were signifi-

cant. We observed that only effect of age was modified by

sex and all other interaction terms were not statistically

significant. The global likelihood ratio test showed that all

model performed better while including interaction terms

(all Ps \ 0.05).

Table 2 represents the performances of models in

respect of discrimination capacity (AROCs and their 95%

CIs), calibration (Hosmer–Lemeshow goodness-of-fit sta-

tistics), and global goodness of fit (likelihood ratio test).

Hosmer–Lemeshow test rejected the goodness of fit for the

models with 2h-PCPG (both full and simple clinical). All

multivariate models discriminated diabetic from nondia-

betic participants better than 2h-PCPG as is evident in

higher AROCs of the multivariate models. Among multi-

variate models, the lowest AROC belonged to the simple

clinical model without 2h-PCPG that was significantly

higher than that of 2h-PCPG. Full models with or without

2h-PCPG had lower -2log likelihood than simple clinical

models (all Ps \ 0.0001). Models including 2h-PCPG had

lower -2log likelihood than those without 2h-PCPG.

Figure 2 shows that at the same false-positive rate,

simple clinical model had slightly better discrimination

than 2h-PCPG.

Applying SADPM directly to the TLGS population

produced a high Hosmer–Lemeshow v2 (v2 = 202.4,

P \ 0.0001), with overall bias (systematic overestimation)

being 111% that indicates poor calibration. After recali-

brating the SADPM by taking into account the differences

Table 1 Baseline

characteristics

Data are presented as mean

(SD) and percent for continuous

and categorical variables,

respectively

FPG fasting plasma glucose,

HDL-C high density lipoprotein

cholesterol, LDL-C low density

lipoprotein cholesterol, 2h-
PCPG 2-h post-challenge

plasma glucose

Predictor Men (n = 1,368) Women (n = 1,874) P value

Age (years) 42.8 (14.0) 40.7 (12.5) \0.001

Family history of diabetes (%) 24.3 28.3 0.010

Systolic blood pressure (mmHg) 119.8 (17.2) 116.8 (17.5) \0.001

Diastolic blood pressure (mmHg) 78.2 (10.5) 77.3 (10. 1) 0.019

Body mass index (kg/m2) 25.7 (3.9) 27.6 (4.8) \0.001

Waist circumference (cm) 88.1 (10.9) 87.2 (12.3) 0.020

Height (cm) 170.2 (6.6) 157.0 (5.9) \0.001

Weight (kg) 74.4 (12.3) 68.0 (12.2) \0.001

Waist-to-hip ratio (%) 91.4 (6.9) 83.3 (7.9) \0.001

Waist-to-height ratio (%) 51.9 (6.6) 55.6 (8.3) \0.001

Total cholesterol (mmol/l) 5.3 (1.1) 5.4 (1.2) \0.001

HDL-C (mmol/l) 0.4 (0.1) 0.5 (0.1) \0.001

LDL-C (mmol/l) 1.5 (0.4) 1.5 (0.4) 0.028

Triglycerides (mmol/l) 2.0 (1.3) 1.7 (1.1) \0.001

FPG (mmol/l) 5.1 (0.5) 5.0 (0.5) \0.001

2h-PCPG (mmol/l) 5.7 (1.7) 6.1 (1.6) \0.001
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in underlying rates of developing diabetes, the function

worked well in this population. Hosmer–Lemeshow v2

significantly decreased (12.5, P = 0.13) down to an

acceptable range, and the fit of the SADPM improved

(Figs. 3 and 4) but not more so than re-estimating risk in

TLGS using identical variables (Table 2).

Since the duration of follow-up in SAHS and TLGS

were not the same, we assessed the goodness of fit of the

SAHS diabetes prediction model in a subsample of par-

ticipants (n = 558) who have been followed for at least

7.5 years and observed that the calibration improved

(v2 = 25.9, P = 0.0005), but was not still acceptable.

The top quintiles of recalibrated model-predicted risk

(C18%) identified 68% of participants who developed

diabetes on follow-up (sensitivity). Proportion of partici-

pants without incident diabetes who were not in the top

quintile of predicted risk was 84% (specificity). Among

persons in top quintile of risk, 24% developed diabetes

(positive predictive value) and among those not in top

quintile 97% did not develop diabetes (negative predictive

value).

The CIs of AROC for the SAHS model (0.83; 0.80–

0.86) was validated by bootstrap procedure. In 95% of

replications the AROCs were between 0.81 and 0.86.

Discussion

Using data on patients free of diabetes at baseline,

numerous prediction models have been developed which

identified those at increased risk for incident diabetes in the

future (Lindstrom and Tuomilehto 2003; Abdul-Ghani

et al. 2007; Schulze et al. 2007, 2009; Wilson et al. 2007;

Rahman et al. 2008; Chien et al. 2009; Kolberg et al. 2009).

However, before widespread use of these instruments, there

is a need to validate the models and risk scores in other

populations, which has rarely been done.

To the best of our knowledge, this is the first study to

examine the applicability of the SADPM in a Middle East

population. The overall discrimination capacities of re-

estimated and original simple clinical models were similar,

though we do not have access to the original data and

hence, the models could not be statistically compared. This

observational study showed that the SADPM could not be

directly applied to the TLGS population. After we recali-

brated the model, however, the agreement between

observed and predicted incident diabetes was good.

Recalibration can correct overestimation or underestima-

tion in ethnic groups with different underlying risk profile

but does not produce a better model fit than re-estimating

the equations with each site’s data.

Ethnicity may explain some of the difference in the

proportions of the SAHS and TLGS samples that devel-

oped diabetes. Parameters such as historical period,

geographic location, methodological approach, disease

spectrum, or follow-up interval, commonly affect predic-

tion models and can have a role in limiting the

generalizability of prediction systems (Justice et al. 1999).

Our results suggest that a simple clinical multivariate

model, based on a panel of clinical characteristics deemed

Table 2 Performance of predicting models for type 2 diabetes mellitus

AROC (95% CI) HL-v2 (P value) P values for model comparison

Discrimination Calibration

Models

Full model (?2h-PCPG) 0.86 (0.83–0.89) 18.8 (0.016)

Full model 0.84 (0.81–0.87) 2.6 (0.975)

Simple clinical model (?2h-PCPG) 0.86 (0.83–0.89) 22.9 (0.003)

Simple clinical model 0.84 (0.81–0.87) 7.9 (0.448)

2h-PCPG 0.78 (0.75–0.82) –

Original SADPM 0.83 (0.80–0.86) 202.4 (\0.0001)

Recalibrated SADPMa 0.83 (0.80–0.86) 12.5 (0.131)

Comparison

Full model (?2h-PCPG) versus full model 0.017 \0.0001

Simple clinical model (?2h-PCPG) versus simple clinical model 0.007 \0.0001

Full model versus simple clinical model (?2h-PCPG) 0.270 \0.0001

Full model versus simple clinical model 0.111 \0.0001

Simple clinical model versus 2h-PCPG \0.001 –

AROC area under the receiver operating characteristic curve, HL-v2 Hosmer–Lemeshow chi-square, SAHS San Antonio heart study diabetes

prediction model, 2h-PCPG 2-h post-challenge plasma glucose
a The risk for each individual was multiplied by the ratio of the SAHS diabetes incidence rate to the TLGS diabetes incidence rate
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to be ordinarily available in a routine clinical setting, can

be superior for identifying persons at high risk for future

diabetes in comparison to the model relying exclusively on

2h-PCPG. Furthermore, addition of the 2h-PCPG value to

the simple clinical model might challenge both the

patients’ and clinicians’ acceptance of this model (Genuth

et al. 2003). This finding was in line with other studies

(Stern et al. 2002; Wilson et al. 2007). The 2h-PCPG test is

relatively costly, inconvenient, labor-intensive, and time-

consuming; the reproducibility of the test has also been

questioned (Genuth et al. 2003).

While developing a prediction model, one must accept a

trade-off between sensitivity and specificity, which

depends on the cut-point used to define a positive test

result. We considered those in the top risk quintiles as

having high risk of developing diabetes in the next 6 years

(sensitivity 68% and specificity 84%). While predicting

diabetes, tests with moderate sensitivity (about 60%) but

high specificity (about 90%), repeated every 3 years, have

been suggested to optimize the trade-off between disease

detection and avoiding false-positive results (Johnson et al.

2005; Herman 2009).

Varieties of approaches have been undertaken in some

studies to predict future risk of developing diabetes in

various populations (Stern et al. 2002; Schulze et al. 2007).

To choose a model the availability of risk factor data in the

clinical setting, the optimal cut-point to define a positive

test, and the simplicity of the model should be considered

(Herman 2009).

The performance of SADPM in TLGS population was

higher than Chinese population (AROC, 0.675) but lower

than in Japanese population (AROC, 0.896). We have

previously shown that waist-to-height ratio (WHtR) is

superior to the other anthropometric measures of obesity in

predicting diabetes (Hadaegh et al. 2009). WHtR, however,

was not assessed in the SADPM, and hence, we were not

able to examine if a model including WHtR from the

SAHS better fitted data from the TLGS. Anthropometric

measures of central adiposity and general obesity rank

variably in predicting diabetes in different ethnic

1 - Specificity
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y

1.0

0.8

0.6

0.4

0.2

0.0

2h-PCPG
simple clinical model without 2h-PCPG
full model with 2h-PCPG

Fig. 2 AROCs for the full model with 2h-PCPG, simple clinical

model without 2h-PCPG, and 2h-PCPG alone. AROC area under the

receiver operating characteristic curve, 2h-PCPG 2-h post-challenge

plasma glucose

Fig. 3 Six-year predictions for type 2 diabetes: performance mea-

sures of original San Antonio Heart Study model for Tehran Lipid and

Glucose Study. Calibration measures how closely predicted risk is in

concordance with observed actual outcomes. The SADPM predicted

risks were used to divide subjects into deciles of predicted risk for

developing diabetes within 6 years. Plots were constructed showing

predicted (white) and actual (black) event rates for each decile. A v2

statistic was calculated to compare the differences between predicted

and actual event rates; small values indicated good calibration. Values

exceeding 20 indicate significant lack of calibration (P \ 0.01)

Fig. 4 Six-year predictions for type 2 diabetes: performance measures

of recalibrated San Antonio Heart Study model for Tehran Lipid and

Glucose Study. Calibration measures how closely predicted risk is in

concordance with observed actual outcomes. The SADPM predicted

risks were used to divide subjects into deciles of predicted risk for

developing diabetes within 6 years. Plots were constructed showing

predicted (white) and actual (black) event rates for each decile. A v2

statistic was calculated to compare the differences between predicted

and actual event rates; small values indicated good calibration. Values

exceeding 20 indicate significant lack of calibration (P \ 0.01)
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populations (Wang et al. 2005). Different levels of

adjustment might contribute to different levels of predict-

ability for diabetes of each anthropometric measure. Some

studies recently compared different anthropometric mea-

sures in terms of their ability to predict diabetes and to

determine whether predictive ability was modified by eth-

nicity. They observed that measures of central and overall

adiposity predicted diabetes to a similar degree except for

slight superiority for WHtR (Tulloch-Reid et al. 2003;

MacKay et al. 2009; Nyamdorj et al. 2009). Wilson et al.

(2007) demonstrated that there is virtually no difference in

the model’s predictive capability according to use of waist

circumference or BMI. We re-estimated the SADPM,

substituting the BMI with WHtR and observed no

improvement in respect of predictive discrimination

(AROC, 0.83) (data not shown).

The inclusion of blood pressure in diabetes prediction

models is not new (Conen et al. 2007; Wilson et al. 2007).

As part of the metabolic syndrome, diabetes and hyper-

tension frequently occur together in an individual and are

associated with obesity. Despite this close relationship

between hypertension and diabetes, information on the

relationship of blood pressure levels with the subsequent

development of diabetes are scarce. It is unclear whether

this hemodynamic characteristic has active impact on

diabetes risk or is merely reflections of shared underlying

physiologic factors (Kahn et al. 2009). Conen et al. in a

population of initially healthy, middle-aged women,

showed that blood pressure levels was strong predictor of

incident diabetes. (Conen et al. 2007). Identifying indi-

vidual with prevalent, already undiagnosed diabetes using

risk factors such as hypertension could give rise to the

reverse causality (chicken–egg), since hypertension and

diabetes frequently coexist. This issue, however, would not

be to the case in predictive models which are used to

predict development of incident diabetes in the future;

since examination of the risk factors precedes development

of diabetes.

In cross-sectional studies where detecting prevalent

(asymptomatic disease or undiagnosed) cases matter, the

rationale for concentrating on parsimonious and simple

models is clear (Herman 2009; Kahn et al. 2009). In pro-

spective studies (event-free cohort), however, where

prediction of incident disease is sought, simplicity is less

important than accuracy (Herman 2009), particularly now

that current technology has rendered computerized calcu-

lation or web-based calculation so prevalent that

calculating even a more sophisticated risk score is possible

(Schulze and Joost 2009). Nonetheless, simplicity with

respect to measures used to develop a model can render the

model more likely to be adopted in the clinical practice.

The validation of the SADPM supported the conclusion

that complex models are not needed to determine the risk

of diabetes; the findings that could be more evident when

viewed in the light of recent observations demonstrating

that serum biomarkers and genetic risk factors were not

able to substantially improve the predictability of the

phenotype-based risk models (Talmud et al. 2010; Abdul-

Ghani et al. 2007; Kahn et al. 2009; Schulze et al. 2009).

Another diabetes risk score for predicting 5-year risk of

diabetes was also developed in middle-aged Finnish pop-

ulation (Finnish diabetes risk score). They, however, did

not use a formal 2h-PCPG at the beginning of their study;

instead, the model identified cases by initiation of diabetes

medications. Hence, it might not capture the full burden of

diabetes including undiagnosed diabetes (Lindstrom and

Tuomilehto 2003). Furthermore, the model has been

recently tested in a German population and yielded a low

validity for identifying undiagnosed diabetic cases (Rath-

mann et al. 2005).

The German diabetes risk score has been developed

from European Prospective Investigation into Cancer and

Nutrition (EPIC)-Potsdam study, which incorporated

anthropometric, dietary, and life style risk factors including

smoking and alcohol consumption. The model has been

validated in three additional German populations and

reported to be accurate for identifying high-risk or undi-

agnosed diabetic individuals (Schulze et al. 2007).

Smoking and alcohol consumption are, however, value-

laden and so prone to underreporting.

The estimates from our population models were found to

be stable, as demonstrated by the internal validation study.

Also, using a community-based population could reduce

the possibility of selection bias.

There are several limitations which should be consid-

ered when examining the result of current study. First, the

clinical model’s predictive capability has been reported to

attenuate as the follow-up duration increased to 10 years

(McNeely et al. 2003). Pending further information from

TLGS, applicability of model for long-term prediction of

diabetes could not be guaranteed. Second, we were unable

to validate other diabetes risk scores such as Finish dia-

betes risk score or German risk score due to lack of dietary

information, which is required for risk scoring (Lindstrom

and Tuomilehto 2003; Schulze et al. 2007). However, the

SAHS model is superior over these models in that it pre-

dicts undiagnosed diabetes. Third, the participation rate in

the current study was 64.6%. However, the selection bias is

an unlikely explanation for these results since comparisons

of participants and non-participants revealed modest dif-

ference, although statistical significance was often reached

due to large numbers. Finally, the length of follow-up in

this study was relatively short. Thus, while the risk score

may be good at identifying those rapidly progressing to

diabetes; participants with slower onset might be missed.

Alternatively, longer follow-up might result in a stronger
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association between the risk and the incidence of diabetes

if more of those with highest risk score keep onto develop

diabetes.

Conclusion

These data suggest that performance of diabetes prediction

models need to be assessed in the target population, where

they will be ultimately be used. A recalibrated SAHS

models, including a set of clinical variables, produced a

relatively high prediction power of diabetes. Prediction

models can be used in clinical setting, community setting,

or self-use for pre-screening, screening or risk assessment/

prediction. The SADPM could be included as it works in

clinical practice and public health practice with the aid of a

hand-held, programmable calculator or a personal

computer.
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