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Abstract

Aims—Insulin sensitivity and acute insulin response measure key components of Type 2 diabetes 

aetiology that contribute independently to risk in the Insulin Resistance Atherosclerosis Study. As 

insulin sensitivity and acute insulin response are not routinely measured in a clinical setting, we 

evaluated three fasting biomarker models, homeostasis model assessment of insulin sensitivity 

(HOMA-%S), β-cell function (HOMA-%B) and a Diabetes Risk Score, as potential surrogates for 

risk associated with insulin sensitivity, acute insulin response and the interaction of these two 

measures, the disposition index.

Methods—Models were calculated from baseline plasma biomarker concentrations for 664 

participants who underwent a frequently sampled intravenous glucose tolerance test. To assess 

relationships among biomarker models and test measures, we calculated improvement in risk 

estimation gained by combining each fasting measure with each frequently sampled intravenous 

glucose tolerance test measure using logistic regression.

Results—The strongest correlates of acute insulin response, insulin sensitivity and disposition 

index were HOMA-%B (rs
2 = 0.23), HOMA-%S (rs

2 = 0.48) and Diabetes Risk Score (rs
2 = 

0.34), respectively. Individual areas under the curves for prediction of diabetes were 0.549 

(HOMA-%B), 0.694 (HOMA-%S), 0.700 (insulin sensitivity), 0.714 (acute insulin response), 

0.756 (Diabetes Risk Score) and 0.817 (disposition index). Models combining acute insulin 

response with Diabetes Risk Score (area under the curve 0.798) or HOMA-%S (area under the 

curve 0.805) nearly equalled disposition index, outperforming other individual measures (P < 

0.05). Insulin sensitivity plus Diabetes Risk Score (area under the curve 0.760) was better than 

insulin sensitivity (P = 0.03), but not better than Diabetes Risk Score alone. HOMA-%S plus 

insulin sensitivity (area under the curve 0.704) was not significantly better than either alone.
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Conclusions—The Diabetes Risk Score and HOMA-%S were excellent surrogates for insulin 

sensitivity, capturing the predictive power of insulin sensitivity. Diabetes Risk Score captured 

some of the additional predictive power of acute insulin response, but the HOMA models did not. 

No fasting model was as predictive as disposition index, but the Diabetes Risk Score was the best 

surrogate.

Introduction

Type 2 diabetes results when pancreatic β-cells lose the ability to secrete sufficient insulin to 

compensate for increasing insulin resistance. While many discrete factors, including 

inflammation [1,2], adipose function [3] and diet [4,5], may contribute to the complex 

mechanisms underlying disease progression, this straightforward biology—insulin resistance 

and a compensatory insulin secretion—is the fundamental basis of glucose homeostasis [6]. 

Impairment of insulin sensitivity and secretion commonly take many years to develop and 

we have only imperfect measures of these physiologies available in the clinic prior to the 

emergence of overt disease. Thus, while it is possible to measure glucose status directly, it is 

difficult to predict the rate of progression towards disease. Clinically convenient tools that 

measure a broader scope of diabetes physiology will improve the assessment of insulin 

resistance and β-cell function and thus enable improved strategies for diabetes prevention 

and management.

Measures of insulin sensitivity and insulin secretion (acute insulin response) can be 

determined from a minimal model (MINMOD) analysis of a frequently sampled intravenous 

glucose tolerance test (FSIGT) [7]. A decrease in insulin sensitivity occurs during the years 

or decades that precede a diagnosis of Type 2 diabetes and reduced insulin sensitivity has 

been shown to be associated with increased risk of diabetes [8,9]. Decreased acute insulin 

response is present in participants with impaired glucose tolerance or diabetes and a reduced 

acute insulin response is associated with an increased risk for Type 2 diabetes [9-13]. The 

interaction (product) of insulin sensitivity and acute insulin response, termed the disposition 

index, was previously reported as the best predictor of future diabetes in the Insulin 

Resistance Atherosclerosis Study [8]. The disposition index is a measure of the ability of β-

cells to compensate for insulin resistance and can be thought of as a measure of β-cell 

functionality [6,7,9-14].

While FSIGT measurements provide useful biological and prognostic information in a 

research setting, the MINMOD approach is not utilized in clinical practice, presumably 

attributable to cost and practicality concerns. We hypothesized that biomarker-based models 

requiring only a fasting blood draw might capture the same biological information provided 

by the MINMOD. If so, such models could be more amenable to routine clinical practice. 

The present study tests the extent to which each of the three MINMOD measures provides 

diabetes prediction that is independent of the three biomarker models. Further, we test 

whether combinations of MINMOD components and biomarker models can rival the 

disposition index in the prediction of diabetes. This approach is not intended to imply that 

combinations of biomarker models and MINMOD measures are clinically relevant 

prediction tools. Rather, this method is used to test the extent to which the predictiveness of 
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biomarker models can be specifically linked to the underlying physiology of insulin 

sensitivity and acute insulin response and the disposition index.

One biomarker model, the homeostasis model assessment (HOMA) generates β-cell function 

(HOMA-%B) and insulin sensitivity (HOMA-%S) or insulin resistance (HOMA-IR) 

estimates that have been widely cited in the literature [15]. HOMA attempts to model the 

complex dynamics between insulin and glucose concentrations as regulated by the β-cells 

and liver. Another biomarker model is the PreDx® Diabetes Risk Score (DRS). The 

Diabetes Risk Score is a tool for assessing the 5-year risk of Type 2 diabetes that utilizes the 

concentrations of adiponectin, C-reactive protein, ferritin, glucose, HbA1c, insulin and 

interleukin-2 receptor α. The Diabetes Risk Score has been shown to provide a more 

accurate assessment of diabetes risk than fasting plasma glucose or insulin alone [16-19] and 

is available to physicians in the USA as a laboratory-developed test (Tethys Bioscience, 

Emeryville, CA, USA).

Previous cross-sectional studies have assessed the association between HOMA measures 

and the outputs of the MINMOD [15,20-22], but the moderate correlations that were 

observed do not necessarily imply that the same underlying physiology is being measured. 

We reason that, because insulin sensitivity and acute insulin response are strong independent 

predictors of diabetes, the link between biomarker models and the dynamic physiological 

response to glucose measured by the MINMOD analysis could be assessed more accurately 

by exploring the degree to which the biomarker models substitute for the MINMOD 

components as prognostic indicators for development of diabetes.

The Insulin Resistance Atherosclerosis Study is a multi-centre observational study of a large 

multi-ethnic US cohort. It was originally designed to explore the relationships between 

insulin resistance and other biochemical and physiological variables in the development of 

cardiovascular disease in individuals with different levels of glucose tolerance [23]. The 

Insulin Resistance Atherosclerosis Study is the largest longitudinal study to date that 

included a baseline FSIGT and is thus a unique cohort for evaluation of these measures in 

assessing diabetes risk. Five-year follow-up data from the study cohort documented the 

progression of some individuals to Type 2 diabetes [24]. We evaluated how well baseline 

measures of HOMA-%S, HOMA-%B and the Diabetes Risk Score correlated with each of 

the MINMOD outputs and the extent to which they coincided in their ability to predict 

incident Type 2 diabetes.

Patients and methods

Participants

The selection of participants and the study design for the Insulin Resistance Atherosclerosis 

Study cohort have been previously described [23]. For the current study, Type 2 diabetes 

was diagnosed according to current World Health Organization diagnostic criteria [25]. 

Baseline plasma specimens were available from 664 individuals without diabetes at baseline 

who had complete HOMA and MINMOD measures and who participated in the 5-year 

follow-up examination, including specimens from 114 individuals who developed diabetes 

during the study.
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Laboratory and clinical measurements

The clinical procedures have been previously described [23]. Briefly, baseline evaluations of 

subjects included a FSIGT, administered with two modifications: an injection of regular 

insulin rather than tolbutamide, and a reduced sampling protocol with 12 rather than 30 

samples [26]. Insulin sensitivity, expressed as the insulin sensitivity, was calculated using 

mathematical modelling methods [MINMOD version 3.0 (1994)] [7,27]. First-phase insulin 

secretion, expressed as the acute insulin response, was calculated from the mean increment 

in the plasma insulin concentration above basal at 2, 4 and 8 min after the administration of 

glucose. Plasma glucose was measured on an auto-analyser (Yellow Springs Instruments, 

Yellow Springs, OH, USA) and insulin was measured using a dextran–charcoal 

radioimmunoassay at the time of the baseline examination. The remaining biomarkers were 

assayed at Tethys Bioscience from the baseline samples that had been stored at −80 °C, as 

described previously [19].

Statistical analysis

All analyses were performed using the R statistical computing environment (version 2.12) 

[28]. HOMA-%S and HOMA-%B were calculated using the 2004 HOMA2 computer model 

[29]. Variables were transformed so that their distributions were more normal. HOMA-%S 

and HOMA-%B were log transformed. Because zero is a valid value for insulin sensitivity 

[30], but its logarithm is undefined, insulin sensitivity + 1 was (natural) log transformed. 

Both acute insulin response and disposition index may have negative values, so a signed 

square root transform was applied [31]; for example, the square root of the absolute value of 

acute insulin response was multiplied by its sign. Because the Diabetes Risk Score is 

estimated from a logistic regression model, it was logit transformed after dividing by 10.

In the present study, the Diabetes Risk Score was calculated in the Insulin Resistance 

Atherosclerosis Study cohort using the same Diabetes Risk Score algorithm that was 

developed using the Inter99 cohort [19], without refit. The Diabetes Risk Score is a logistic 

regression model, where the log odds of conversion are estimated from the linear sum of 

transformed glucose, HbA1c, insulin, adiponectin, C-reactive protein, ferritin and 

interleukin-2 receptor a concentrations, age and sex. Because HbA1c values at baseline were 

not available for the Insulin Resistance Atherosclerosis Study cohort, data from the 2001–

2008 National Health and Nutrition Examination Survey (NHANES) surveys [32] were used 

to estimate an appropriate mean HbA1c of 36 mmol/mol (5.4%) for use in the model, taking 

into account the higher diabetes conversion rate in the Insulin Resistance Atherosclerosis 

Study. As the same HbA1c value was used for all individuals, it has no effect on 

discrimination between converters and non-converters in this analysis.

To summarize the characteristics of the population at baseline, proportions, or medians and 

interquartile ranges of continuous measures, were calculated for all participants by diabetes 

status at the baseline visit. The statistical significance of differences was assessed by χ2-tests 

(factors) or Wilcoxon rank sum tests (continuous measures). Spearman rank correlation 

coefficients (rs) were calculated for each biomarker model with each MINMOD output. P-

values were calculated assuming that rs follows an approximate asymptotic t-distribution.
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To further explore how these risk prediction tools complement each other, logistic 

regression models of conversion status were fitted, using each measure alone, and all 

pairwise combinations of the three transformed MINMOD outputs with each of the three 

biomarker models as predictors. Note that the individual terms of the Diabetes Risk Score 

were not refitted; the coefficients were fixed. Each regression model’s ability to discriminate 

between converters and non-converters was assessed by calculating the area under the 

receiver operating characteristic curve. To correct for possible over-fit, a bootstrap cross-

validation approach was used to compare performance between pairs of regression models 

[33].

Results

The characteristics of the study population are presented in Table 1. There were significant 

differences between participants with and without diabetes at follow-up in all of the 

characteristics presented, except sex, race/ethnicity, diastolic blood pressure and HOMA-

%B.

Biomarker models were correlated with the dynamic MINMOD measures among study 

participants at baseline. In Fig. 1, HOMA-%B, HOMA-%S and Diabetes Risk Score values 

are each plotted against acute insulin response, insulin sensitivity and disposition index. All 

pairs of measures showed statistically significant correlation (P < 0.0001), except HOMA-

%B with the disposition index. HOMA-%B and Diabetes Risk Score were strongly inversely 

correlated to insulin sensitivity and thus correlated with insulin resistance. HOMA-%B is 

meant to act as a surrogate measure of β-cell function or insulin secretion and 23% of its 

rank variance may be explained by correlation with the more direct measure acute insulin 

response, greater than either HOMA-%S or Diabetes Risk Score. The rs
2 value of HOMA-

%S with insulin sensitivity was 48%, consistent with its objective as a surrogate measure of 

insulin sensitivity, but 30% of the rank variance in Diabetes Risk Score, and 28% in 

HOMA-%B, were also shared with insulin sensitivity. Of the three biomarker models, 

Diabetes Risk Score was the most strongly related to disposition index, with an rs
2 of 34%, 

compared with 14% for HOMA-%S and less than 1% for HOMA-%B.

As a way of understanding how each biomarker model related to the underlying biology of 

acute insulin response and insulin sensitivity, we explored whether combining each of the 

biomarker models with acute insulin response or insulin sensitivity in logistic regression 

models could match the predictive power of the disposition index. The bootstrap cross-

validated area under the curve of each combination is presented Table 2. When comparing a 

composite model to its MINMOD constituent, a significant improvement in the area under 

the curve of the combination indicated that the biomarker model was independent and 

complementary to the MINMOD output, while a lack of significant improvement implied 

redundancy in terms of the physiology being measured. For example, the combination of 

insulin sensitivity and acute insulin response had an area under the curve of 0.814 (data not 

shown), which was significantly greater than either insulin sensitivity or acute insulin 

response alone, demonstrating that the two measures were complementary in capturing the 

aspects of physiology that put people at risk for diabetes. As expected, the area under the 

curve of the model combining the two was equivalent to the area under the curve of the 
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disposition index, the product of insulin sensitivity and acute insulin response. The area 

under the curves of the individual measures and combinations from Table 2 are presented 

graphically in Fig. 2 to highlight the key comparisons. None of the combinations were 

significantly superior to the disposition index alone.

The relationship between HOMA-%B and the MINMOD outputs is illustrated in Fig. 2a. 

HOMA-%B alone was a poor predictor of future diabetes in the Insulin Resistance 

Atherosclerosis Study, with an area under the curve of 0.549. Although meant to be a 

surrogate of β-cell function, the combination of HOMA-%B with insulin sensitivity was not 

more predictive than insulin sensitivity alone, while combining HOMA-%B with acute 

insulin response increased the area under the curve by 0.052 over acute insulin response 

alone.

By contrast, HOMA-%S predicted incident diabetes with an area under the curve of 0.694, 

which was not significantly less than insulin sensitivity alone. As shown in Fig. 2b, 

combining insulin sensitivity with HOMA-%S did not significantly increase the area under 

the curve above either insulin sensitivity or HOMA-%S alone. The area under the curve 

obtained by combining acute insulin response with HOMA-%S was 0.803, not statistically 

different than the area under the curve of the disposition index. Adding the disposition index 

to HOMA-%S resulted in an area under the curve of 0.817, significantly increased over 

HOMA-%S alone (P = 0.001), but not significantly over the disposition index alone (P = 

0.4).

The Diabetes Risk Score was the best predictor of diabetes among the biomarker models 

with an area under the curve of 0.756, significantly greater than either HOMA-%B or 

HOMA-%S individually. As shown in Fig. 2c, adding insulin sensitivity to the Diabetes 

Risk Score did not significantly increase the area under the curve above the Diabetes Risk 

Score alone, while acute insulin response combined with the Diabetes Risk Score was 

significantly higher than either the Diabetes Risk Score or acute insulin response alone, and 

equivalent to the disposition index alone. Although the Diabetes Risk Score was more 

predictive than insulin sensitivity or acute insulin response individually, it was not as 

predictive as the disposition index alone. Combining the Diabetes Risk Score with the 

disposition index did not significantly improve prediction over the disposition index alone.

Discussion

The Insulin Resistance Atherosclerosis Study followed more than 700 participants with 

baseline FSIGT measurements for a median of 5 years to determine who would develop 

diabetes. Thus, the study cohort provided a unique opportunity to link the predictiveness of 

biomarker models obtained from baseline fasting plasma samples to direct measures of 

insulin sensitivity, acute insulin response and disposition index. The present results are 

consistent with previous reports from the Insulin Resistance Atherosclerosis Study [8] and 

other cohorts [12] that the disposition index is a powerful predictor of diabetes. In this study, 

both acute insulin response and insulin sensitivity were predictive of diabetes, but their 

product, the disposition index was significantly more predictive than either alone.
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Despite the predictive power of the disposition index, the FSIGT is presently only used in a 

research setting for reasons of practicality. We sought to determine how well HOMA-%B, 

HOMA-%S and the Diabetes Risk Score could capture the biological information and 

predictive power that are obtained from dynamic physiological measurements of glucose 

homeostasis and to relate the fasting measures to physiology. To do this, we assessed the 

correlation between each biomarker model and each MINMOD output at baseline, as well as 

the ability of each model to replace insulin sensitivity and acute insulin response in 

predictive models, using the disposition index as a benchmark.

Among the biomarker models, the Diabetes Risk Score came closest to replicating the 

ability of the disposition index to predict diabetes status at 5 years (Table 2) and was most 

strongly correlated to the disposition index (Fig. 1). Additionally, the composite model 

analysis demonstrated that the Diabetes Risk Score fully captured the predictiveness of 

insulin sensitivity measured by insulin sensitivity and partially covered the predictiveness of 

acute insulin response. The Diabetes Risk Score did not, however, possess predictive power 

beyond the disposition index (Fig. 2c), suggesting that the information inherent in the 

Diabetes Risk Score may be fully attributed to insulin secretion or sensitivity. One 

shortcoming of this study is that HbA1c was not available, so the Diabetes Risk Score was 

approximated using a constant value of HbA1c for all participants. Given the well-

established link between HbA1c and diabetes risk, it is possible that the Diabetes Risk Score 

would have performed differently and perhaps better had measurements of HbA1c been 

available.

The correlation between HOMA-%S and insulin sensitivity in the present study was 

significant (Fig. 1), but weaker than some previous reports [15], which presented correlation 

coefficients as high as 0.88 (r2 = 0.77). These much smaller studies may have overestimated 

the magnitude of the effect, or the discrepancy may reflect differences between the study 

populations. Despite the weaker correlation, the composite model containing HOMA-%S 

and acute insulin response was not significantly less predictive than the disposition index 

(Table 2, Fig. 2b), suggesting that HOMA-%S did capture the full predictiveness of insulin 

sensitivity. When insulin sensitivity was combined with HOMA-%S, the area under the 

curve was not significantly higher than either measure alone, indicating that HOMA-%S is a 

strong surrogate for insulin sensitivity, and that the biology represented by HOMA-%S is 

representative of, but not broader than, insulin sensitivity.

The correlation of HOMA-%B with acute insulin response in the present study was also 

substantially weaker than in previous reports [15], which provided r2 values in the range of 

0.38–0.81. Of particular note is work by Festa and co-workers [20] that reported Spearman 

correlation coefficients with HOMA-%B of 0.58 (acute insulin response) and −0.27 (insulin 

sensitivity) in a cross-sectional analysis of 1380 participants in the Insulin Resistance 

Atherosclerosis Study that included subjects with diabetes at baseline. Because this analysis 

was more inclusive, there may have been greater variance in the measures, yielding stronger 

correlations. Although correlation was weaker in the present analysis, HOMA-%B was the 

biomarker model with the highest correlation to acute insulin response (Fig. 1). Despite this 

correlation, HOMA-%B was an extremely weak predictor of diabetes in this study and was 

weaker than all other predictors evaluated. HOMA-%B was actually more strongly 
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correlated with insulin sensitivity than acute insulin response and, when combined in a 

composite model with insulin sensitivity instead of acute insulin response, the resulting 

model was no better than insulin sensitivity alone. Additionally, the composite model of 

acute insulin response and HOMA-%B significantly improved the area under the curve for 

diabetes prediction relative to either HOMA-%B or acute insulin response alone, suggesting 

that HOMA-%B is more closely related to the biology of insulin sensitivity than to insulin 

secretion.

As the incidence of Type 2 diabetes rises worldwide, there is an increasing need for tools to 

identify patients at the highest risk for the disease to enable intervention. Both the Diabetes 

Risk Score and HOMA-%S show promise as convenient surrogates for insulin sensitivity. 

This study suggests, however, that insulin sensitivity alone is not sufficient to fully assess 

diabetes risk. This was demonstrated by the predictive power of the disposition index, and 

the best of its fasting surrogates, the Diabetes Risk Score. All three of the biomarker models 

use insulin and glucose as inputs, but the Diabetes Risk Score incorporates the 

concentrations of five additional circulating biomarkers. Thus, it is not surprising that 

HOMA-%S and HOMA-%B seem to capture similar aspects of the underlying biology, 

while the Diabetes Risk Score provides a more complete assessment of risk, adding much of 

the predictive power of acute insulin response to the insulin sensitivity that the HOMA 

models measure. One shortcoming of the Diabetes Risk Score in light of the results of this 

study is that it does not report estimates of insulin secretion and insulin resistance separately, 

a feature that might be useful in guiding preventive therapy. The performance of the 

Diabetes Risk Score as a surrogate for disposition index, however, makes it a potentially 

important clinical tool.
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FIGURE 1. 
The correlation between biomarker models and minimal model (MINMOD) measures of 

diabetes risk. In each row, transformed values of the biomarker models are plotted against 

transformed insulin sensitivity, acute insulin response and disposition index. Spearman rank 

correlation coefficients (rs) and their significance (P) are also shown. The regression line of 

the biomarker model against the MINMOD output is shown in grey. Symbols are 

semitransparent to give an indication of density where there is overlap.
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FIGURE 2. 
Incremental discrimination gained by adding minimal model (MINMOD) measures to 

fasting biomarker models. In each plot, the discrimination of one of the biomarker models 

alone (solid colour) is compared with the MINMOD outputs individually (black) and 

combined as a bivariate logistic regression model (cross-hatched). Incremental 

improvements beyond homeostasis model assessment of β-cell function (HOMA-%B), 

homeostasis model assessment of insulin sensitivity (HOMA-%S) and Diabetes Risk Score 

are shown in (a), (b) and (c), respectively. The area under the curve was calculated using a 

bootstrap cross-validation method to remove bias attributable to over fit. The coloured 

dotted lines and black dashed lines indicate the areas under the curves of the biomarker 

model and the disposition index alone, respectively.
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Table 1

Baseline characteristics of the study population by diabetes status at the 5-year follow-up visit*

Baseline characteristic

Diabetes status at 5-year follow-up visit

P†No diabetes Developed diabetes

n 550 (82.8%) 114 (17.2%)

Sex

 Female 291 (81.7%) 65 (18.3%) 0.4

 Male 259 (84.1%) 49 (15.9%)

Race or ethnicity

 Non-Hispanic white 225 (82.1%) 49 (17.9%) 0.9

 Hispanic 191 (82.7%) 40 (17.3%)

 African-American 134 (84.3%) 25 (15.7%)

Fasting glucose status

 Normal fasting glucose (< 5.6 mmol/l) 426 (88.9%) 53 (11.1%) < 0.0001

 Impaired fasting glucose (5.6–6.9 mmol/l) 124 (67.0%) 61 (33.0%)

2-h glucose status

 Normal glucose tolerance (< 7.8 mmol/l) 402 (90.7%) 41 (9.3%) < 0.0001

 Impaired glucose tolerance (7.8–11.0 mmol/l) 148 (67.0%) 73 (33.0%)

Age (years) 54.5 (47.5–62.3) 56.9 (49.6–63.6) 0.06

BMI (kg/m2) 21.7 (24.7–29.9) 29.3 (26.5–34.2) < 0.0001

Waist circumference (cm) 90.0 (81.2–97.3) 94.3 (88.4–102.0) < 0.0001

Systolic blood pressure (mmHg) 119 (109–131) 126 (114–139) 0.0007

Diastolic blood pressure (mmHg) 78(71–84) 79 (73–85) 0.2

Fasting glucose (mmol/l) 5.1 (4.8–5.5) 5.6 (5.2–6.1) < 0.0001

2-h glucose (mmol/l) 6.6 (5.3–7.9) 8.3 (7.3–10.0) < 0.0001

Fasting insulin (pmol/l) 60 (42–84) 84 (60–126) < 0.0001

Acute insulin response [pmol/(min.ml)] 441 (237–714) 170 (77.6–413) < 0.0001

Insulin sensitivity [10−4/(min.ìU.ml)] 1.83 (1.02–3.04) 1.00 (0.49–1.68) < 0.0001

Disposition index 738 (373–1300) 148 (49.2–364) < 0.0001

HOMA-%B 100 (77.9–127) 106 (86.1–130) 0.1

HOMA-%S 89.0 (63.5–126) 61.8 (41.2–87.2) < 0.0001

HOMA-IR 1.12 (0.792–1.57) 1.62 (1.15–2.43) < 0.0001

Diabetes Risk Score 4.7 (2.4–6.9) 7.8 (5.4–9.0) < 0.0001

HOMA-%B, homeostasis model assessment of β-cell function; HOMA-IR, homeostasis model assessment of insulin resistance; HOMA-%S, 
homeostasis model assessment of insulin sensitivity.

*
Data are n (% of stratum) or median (interquartile range).

†
P-values were calculated by χ2-test (factors) or Wilcoxon rank sum test (continuous variables).
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Table 2

Discrimination of diabetes outcomes at 5 years by fasting biomarker models, MINMOD measures and 

composite models using logistic regression

Insulin
sensitivity
(0.700*)

Acute insulin
response
(0.714*)

Disposition
index
(0.817*)

HOMA-%B (0.549*) 0.702†§ 0.767†‡ 0.816†

HOMA-%S (0.694*) 0.704†§ 0.805 †‡ 0.817†

Diabetes Risk 0.760‡ 0.798†‡ 0.821†

 Score (0.756*)

HOMA-%B, homeostasis model assessment of β-cell function; HOMA-%S, homeostasis model assessment of insulin sensitivity; MINMOD, 
minimal model.

*
Area under the curve of biomarker model or MINMOD output alone.

†
Significant difference in area under the curve between composite model and the biomarker model alone (P < 0.05).

‡
Significant difference in area under the curve between composite model and the MINMOD output alone (P < 0.05).

§
Significant difference in area under the curve between composite model and disposition index alone (P < 0.05).
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