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Abstract

Background—This study compares a previously developed Diabetes Risk Score to commonly 

used clinical tools for type 2 diabetes risk evaluation in the Insulin Resistance Atherosclerosis 

Study (IRAS) cohort, a multi-ethnic US cohort. Available as a clinical test, the PreDx® Diabetes 

Risk Score uses fasting concentrations of adiponectin, C-reactive protein, ferritin, interleukin-2 

receptor alpha, HbA1c, glucose and insulin, plus age and gender to predict 5-year risk of diabetes. 

It was developed in a Northern European population.

Methods—The Diabetes Risk Score was measured using archived fasting plasma specimens 

from 722 non-diabetic IRAS participants, 17.6% of whom developed diabetes during 5.2 years 

median follow-up (inter-quartile range: 5.1–5.4 years). The study included non-Hispanic whites 

(41.8%), Hispanics (34.5%) and African Americans (23.7%). Performance of the algorithm was 

evaluated by area under the receiver operating characteristic curve (AROC) and risk 

reclassification against other tools.

Results—The Diabetes Risk Score discriminates participants who developed diabetes from those 

who did not significantly better than fasting glucose (AROC=0.763 versus 0.710, p=0.003). The 

Diabetes Risk Score performed equally well in subpopulations defined by race/ethnicity or gender. 

The Diabetes Risk Score provided a significant net reclassification improvement of 0.24 (p=0.01) 

when comparing predefined low/moderate/high Diabetes Risk Score categories to metabolic 

syndrome risk factor counting. The Diabetes Risk Score complemented the use of the oral glucose 

tolerance test by identifying high risk patients with impaired fasting glucose but normal glucose 

tolerance, 33% of whom converted.
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Conclusions—Measuring the Diabetes Risk Score of elevated-risk US patients could help 

physicians decide which patients warrant more intensive intervention. The Diabetes Risk Score 

performed equally well across the ethnic subpopulations present in this cohort
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diabetes prevention

Introduction

Clinicians providing medical care to adults need effective tools for identifying patients at 

high risk of developing type 2 diabetes that can be easily incorporated into routine clinical 

practice. Controlled clinical trials have provided evidence that intensive lifestyle 

modifications or pharmacological treatment can delay or prevent the onset of type 2 diabetes 

[1–4]. Physicians commonly screen patients for impaired fasting glucose (IFG), elevated 

HbA1c or metabolic syndrome to identify patients at moderately elevated risk, but these 

methods suffer from low specificity. Because interventions can be costly and resources 

limited, effective prevention strategies must focus on individuals at greatest risk of 

developing diabetes.

The PreDx DRS is a multi-marker test for evaluating a patient's absolute 5-year risk of 

incident type 2 diabetes. The DRS algorithm uses biomarker concentrations measured in 

fasting blood samples, plus age and gender. It was developed to provide physicians with a 

means of estimating risk that could be ordered as a simple laboratory test that does not 

require input of medical history, demographic or anthropometric information. The DRS is 

intended for use among patients already known to be at elevated risk of developing diabetes 

to further risk stratify patients for diabetes prevention efforts. In a general population, it has 

been shown to provide a better assessment of diabetes risk than fasting plasma glucose alone 

[5]. Because the DRS was originally developed and independently validated using samples 

from adults of Northern European origin [5–7], it is important to assess the DRS in multi-

ethnic cohorts more representative of its intended-use population.

The Insulin Resistance Atherosclerosis Study (IRAS) is a multicenter, epidemiological study 

that has examined insulin resistance and cardiovascular risk factors and disease across 

different ethnic groups and varying states of glucose tolerance [8]. This well-characterized, 

ethnically diverse US study included Hispanics, non-Hispanic whites (NHW) and African-

American participants.

The aim of the present study was to evaluate the performance of the DRS in assessing the 5-

year risk of incident type 2 diabetes in IRAS. The performance of the DRS in discriminating 

participants with diabetes (‘converters’) from participants without diabetes (‘non-

converters’) at the 5-year follow-up visit was compared with that of other risk assessment 

tools, including fasting glucose, body mass index (BMI), fasting insulin, the homeostasis 

model assessment of insulin resistance (HOMA-IR) [9] and the oral glucose tolerance test 

(OGTT). The performance of the DRS in subpopulations of the study defined by race/
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ethnicity gender, glucose tolerance status, fasting glucose and metabolic syndrome was also 

examined.

Research design and methods

Participants

The selection of participants and the study design for the IRAS cohort have been previously 

described [8,10]. The IRAS protocol was approved by local institutional review committees, 

and all subjects gave informed consent. Men and women aged 40–70 years who were 

predisposed to have impaired glucose tolerance (IGT) were recruited at four clinical centres 

in the United States. NHW and African-American participants were recruited at centres in 

Oakland, California and Los Angeles, California. NHW and Hispanic participants were 

recruited at centres in San Luis Valley, Colorado and San Antonio, Texas. For this current 

study, baseline plasma specimens from 722 participants without diabetes were available for 

testing, including 127 from participants who had converted to diabetes after median follow-

up time of 5.2 years (inter-quartile range: 5.1–5.4) on the basis of the 1999 World Health 

Organization criteria [11].

Clinical measurements and procedures

The initial clinical evaluation consisted of two visits about 1–2 weeks apart. Anthropometric 

measurements (BMI, blood pressure, waist, etc.), routine laboratory measures (fasting 

glucose, insulin, triglycerides, cholesterol, high-density lipoprotein (HDL) and low-density 

lipoprotein (LDL)) and the OGTT were performed as described [10].

Laboratory methods

Plasma glucose and insulin were measured at the time of the IRAS clinical examination. 

Plasma glucose was measured on an autoanalyzer (Yellow Springs Instruments, Yellow 

Springs, OH, USA). Plasma insulin was measured using a dextran-charcoal 

radioimmunoassay [12]. The remaining biomarkers were assayed in fasting plasma 

specimens from the second examination that had been stored at −80 °C. Ferritin and 

interleukin 2 receptor α (IL2Ra) were measured using solid-phase, two-site 

chemiluminescent immunometric assays. C-reactive protein (CRP) was measured using an 

immuno-turbidometric assay, and adiponectin was measured using a sandwich enzyme-

linked immunosorbent assay. The coefficients of variation for ferritin, IL2Ra, CRP and 

adiponectin were 4.6%, 6.5%, 6.8% and 12.5%, respectively. Missing values were imputed 

using Harrell's additive-regression imputation function (Hmisc R package, version 3.4-3) 

[13].

Statistical analysis

All statistical analyses were performed with the R statistical programming language [14], 

version 2.11.1.

DRS calculation—Development and validation of the DRS have been described in detail 

[5–7]. Briefly, the DRS uses concentrations of adiponectin, ferritin, CRP, IL2Ra, glucose, 

insulin and HbA1c measured in fasting blood to estimate 5-year risk of incident type 2 
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diabetes [5]. DRS was initially developed in a nested case–control study drawn from the 

Inter99 cohort, a population-based primary prevention study of cardiovascular disease in 

participants aged 30 to 60 years from Copenhagen County, Denmark [5,15]. The 

performance of DRS, with HbA1c added, was validated in a clinical laboratory setting by 

using samples from Inter99 [6]. The robustness of this DRS model was subsequently 

demonstrated using the Botnia cohort, a family-based prospective study of diabetes [7].

In the present study, DRS was calculated in the IRAS cohort by using the pre-specified 

model developed in the Inter99 cohort [6], without refit. HbA1c was not measured at 

baseline in the IRAS, and whole blood was not available for assay. To estimate a value for 

use in the DRS calculations appropriate for this elevated-risk cohort, a linear model of 

HbA1c was developed using data from the 2001–2008 National Health and Nutrition 

Examination Surveys [16], which attempts to survey a nationally representative sample of 

approximately 5000 Americans each year. The model selected, consisting of age, fasting 

glucose and race/ethnicity terms, was used to estimate HbA1c values for all IRAS 

participants. The mean predicted HbA1c value of 5.4% was used in the DRS calculation. 

Because the same value was used for all participants, HbA1c has no effect on metrics of 

discrimination in this study. Additional details may be found in the Supporting information.

Baseline characteristics—Analysis of variance (ANOVA) was used to examine whether 

baseline characteristics of IRAS participants differed by conversion status or race/ethnicity. 

The Shapiro–Wilks test of normality was used to select a transform for each continuous 

variable. All variables were log-transformed except for fasting glucose and LDL cholesterol, 

where the square root was applied, systolic blood pressure, where the reciprocal was used, 

and age, which was not transformed. A linear model of each transformed variable was fit, 

adjusted for BMI, age, clinic, gender and either race (when comparing differences by 

conversion status) or conversion status (when assessing differences by race). Age and gender 

models were not adjusted for themselves. Significance was assessed at the 0.05 level based 

on the F-statistic. To determine if racial differences in the DRS represent a miscalibration of 

true risk, differences in DRS among race and conversion status were tested with an ANOVA 

with an interaction term between race and conversion status. Although this analysis has 

substantially less power than the main effects, it is the only direct test of the non-linearity of 

the DRS between race and conversion status.

Model performance—The DRS was compared with fasting glucose and other measures 

for ability to discriminate between converters and non-converters by calculating the area 

under the receiver operating characteristic curve (AROC). Significance of the differences in 

AROC was calculated using the method of DeLong et al. [17]. A bootstrap resampling 

technique [18] was used to estimate the significance of differences between the AROC of the 

cohort as a whole and the AROCs of subpopulations defined by race/ethnicity or gender.

Clinical reclassification—The DRS classified participants as low (DRS <4.5), moderate 

(4.5–7.9) or high (≥8.0) risk, using established thresholds [6]. To assess how the DRS might 

impact clinical practice in the United States, we compared risk classification by the DRS 

with other classification methods that may be commonly used by physicians to evaluate 

diabetes risk.
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In one analysis, we evaluated the ability of DRS to further risk stratify elevated-risk patients 

identified by IFG (≥100 mg/dL) or metabolic syndrome. Metabolic syndrome as defined by 

the American Heart Association criteria [19] incorporates information on waist 

circumference, gender, hypertension, and fasting glucose, triglyceride and HDL cholesterol 

levels. In each case, the sensitivity and specificity of the two tests to 5-year conversion status 

were calculated and compared by McNemar's test. Positive and negative predictive values of 

the two tests were also compared, and the significance of the difference was estimated using 

a bootstrap resampling technique.

In another analysis, the classification by DRS was compared with classification based on the 

count of metabolic syndrome risk factors present: 1–2, 3 or 4–5. We defined these three 

levels in order to calculate the net reclassification improvement (NRI) [20] of the three DRS 

levels. The metabolic syndrome thresholds were selected so that the number of participants 

in each level would be similar to the number of participants in the corresponding DRS level. 

The number of participants and the fraction who converted in each combination of 

classifications were used to calculate NRI with significance estimated by permutation test.

Finally, we assessed the ability of the DRS to further risk stratify participants following the 

OGTT. Conversion status and DRS classification were cross-tabulated among participants 

with normal glucose tolerance (NGT), IGT (≥140 mg/dL), and isolated IFG. Equivalence of 

conversion rates between DRS strata was assessed by chi-squared test.

Results

Table 1 presents numbers of participants and conversion rates in the IRAS cohort stratified 

by race/ethnicity and gender, decade of age, fasting glucose status or 2-h glucose status. 

Overall, 17.6% of IRAS participants in this study had developed diabetes by the 5-year 

follow-up visit, approximately 4.5 times higher than the rate of 4.0% among adults 20 years 

and older in the US population as a whole [16,21,22].

Tables 2 and 3 compare baseline characteristics of the IRAS cohort using ANOVA. Table 2 

presents unadjusted means and standard deviations by conversion status in order to show the 

ranges of the biomarkers in this study. Differences between converters and non-converters 

were assessed after adjusting for BMI, age, clinic, gender and race. All biomarkers in the 

DRS except CRP and IL2Ra differed significantly between converters and non-converters on 

a univariate basis; CRP differed significantly when not adjusted for BMI (p < 0.001). Table 3 

presents unadjusted means and standard deviations for each ethnic group. The p-values 

indicate whether the differences were significant after adjusting for BMI, age, clinic, gender 

and conversion status. All DRS biomarkers except CRP and ferritin differed significantly 

between racial/ethnic groups, but the differences in DRS were only marginally significant (p 
= 0.064). An interaction between race and conversion status was tested for each predictor; it 

was only significant for LDL cholesterol (p = 0.05) and therefore was not included in the 

models.

Performance of the DRS in various subpopulations of the IRAS cohort is shown in Figure 1. 

No significant difference in discrimination was observed between any of the individual 
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racial groups or between genders. In the whole cohort (n=722), the DRS had a significantly 

higher AROC than fasting glucose (0.763 versus 0.711; p=0.003), fasting insulin (0.690; p= 

0.003), HOMA-IR (0.716; p=0.03) and BMI (0.671; p< 0.001), and was statistically 

equivalent to 2-h glucose (0.770; p=0.8). Among elevated-risk participants who had IFG or 

the metabolic syndrome at baseline (n = 283), the DRS had a significantly higher AROC 

than fasting glucose (0.739 versus 0.662; p=0.01). This was also the case among the 197 

participants with IFG independent of the metabolic syndrome (0.738 versus 0.658; p = 0.03).

Classification of elevated-risk subpopulations of the IRAS cohort by the DRS was also 

compared with other classification methods potentially used by physicians to identify 

patients at the highest risk of developing type 2 diabetes.

The DRS was applied to 283 participants who had IFG and/or metabolic syndrome. In this 

subpopulation, we compared the sensitivity, specificity, positive predictive value, and 

negative predictive value for ‘high risk’ DRS versus the combination of IFG and metabolic 

syndrome. Results showed that the DRS classification had a higher sensitivity (0.71 versus 
0.53; p=0.003), positive predictive value (0.48 vs 0.40; p = 0.02) and negative predictive 

value (0.84 vs 0.77; p=0.002), and equivalent specificity (0.68 versus 0.66; p= 0.6).

Table 4 further explores the potential value of the DRS in clinical practice by comparing 

how participants with IFG or metabolic syndrome are classified by the DRS versus counting 

of metabolic syndrome risk factors. In this analysis, previously developed cut points were 

used to define low, moderate and high risk DRS [6]. An NRI of 0.24 indicates that the DRS 

provided a significant improvement in classification of participants relative to risk factor 

counting (p=0.01). Among participants without metabolic syndrome (fewer than three risk 

factors), the DRS reclassified 85.4% of participants; of the 31 reclassified as high risk, 

48.4% converted to type 2 diabetes. Conversely, the DRS reclassified five participants as low 

risk who had four or five metabolic syndrome risk factors present at baseline; none of whom 

had converted after 5 years.

Table 5 assesses the ability of the DRS to further risk stratify patients who have already been 

classified by the results of an OGTT. Both in the subpopulation whose glucose tolerance was 

normal and the IGT subpopulation, the DRS identified substantial fractions as high risk that 

did in fact have a significantly higher 5-year incidence of diabetes than the rest of each 

subpopulation. This was also true among participants who had isolated IFG.

Conclusions

This study demonstrated that the DRS may be used to effectively evaluate a patient's risk of 

developing diabetes in an elevated-risk, multi-ethnic US cohort. The DRS provided better 

discrimination of converters from non-converters than other commonly used risk assessment 

methods, such as fasting glucose, fasting insulin, BMI and HOMA-IR. The AROC of DRS 

was lower in IRAS (0.763) than was observed in the Northern European Inter99 study 

population (0.837) in which it was developed [6]. However, the 5-year conversion rate in 

IRAS (17.6%) was about fivefold higher than in Inter99 (3.4%). The greater conversion rate 

in IRAS is due to the sampling strategy, which emphasized recruitment of persons with IGT. 
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The skewed distribution of glucose values in the IRAS population thus made discrimination 

more difficult. However, the DRS had a significantly higher AROC than fasting glucose in 

both IRAS (by 0.05) and Inter99 (by 0.07). The performance of the DRS relative to fasting 

glucose was also superior among elevated-risk participants as defined by metabolic 

syndrome and/or IFG. These results provide confidence that the earlier work translates to 

higher risk populations beyond those in which the DRS was developed.

In the United States, age-adjusted and gender-adjusted prevalence of type 2 diabetes is 

higher among African Americans (18.7%) and Hispanics (20.1%) than among Caucasians 

(11.0%) [23], emphasizing the need for accurate risk assessment tools in these 

subpopulations. However, in IRAS, rates of conversion were strikingly similar between these 

subgroups across various strata (Table 1). This likely reflects an enrollment strategy that 

resulted in recruitment of individuals with similar risk profiles independent of race. 

Conversely, ANOVA identified significant differences in concentrations of individual 

biomarkers between ethnic groups (Table 3). Despite this, all the DRS markers, with the 

exception of IL2Ra, were predictive of risk on a univariate basis when adjusted for the racial 

differences. No significant interaction was found between racial/ethnic group and conversion 

status for the DRS markers.

As shown in Figure 1, no significant differences in AROC were observed between any of the 

racial/ethnic subpopulations of IRAS and the cohort as a whole. This is an important result 

because the DRS was developed in an entirely Caucasian population. This also demonstrates 

an advantage of using a multivariate approach to risk estimation. Although the individual 

biomarkers were predictive of diabetes conversion, concentrations differed significantly by 

race even after adjusting for age, gender, BMI and conversion status, complicating their 

interpretation. This study shows that besides providing better discrimination than any of the 

markers individually, DRS integrates the information from multiple markers in such a way 

that the differences between racial groups are less significant. One shortcoming of the 

present study is that it does not include Asian Americans or Native Americans.

The lack of HbA1c measurements in IRAS precludes assessment of this biomarker's 

contribution. The method used to impute a HbA1c value is conservative and has no impact 

on discrimination. HbA1c improved risk assessment in the Kansai Healthcare Study [24] 

compared with glucose alone. We expect this biomarker will also improve the performance 

of DRS, but this must be confirmed in other studies. Additionally, recent reports have cited 

differences in HbA1c on the basis of ethnicity [25], which could impact the AROC when 

HbA1c is included. Because HbA1c was not measured, we were also unable to measure the 

performance of the DRS for assessing risk of diabetes as defined by the 2010 American 

Diabetes Association diagnostic criteria [26].

We have also demonstrated that the DRS is a more accurate tool for classifying patients by 

diabetes risk. As much as one third of the US population has pre-diabetes, depending on the 

definition used [23,27]. Physicians need better tools to identify those at highest risk so that 

limited diabetes prevention resources may be allocated efficiently. It is envisioned that the 

DRS would be used with patients considered at risk by common tools, such as fasting 

glucose, HbA1c or metabolic syndrome. Although cost–benefit analysis of such a strategy is 
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beyond the scope of this article, it is explored in another recent publication [28], which 

showed that use of DRS to further risk stratify ‘at risk’ patients was cost-effective.

We report that the DRS provides better risk stratification among participants with metabolic 

syndrome or IFG than high risk classification on the basis of a combination of the two. 

Moreover, significant NRI was observed using pre-specified criteria for DRS low, moderate 

and high risk classifications versus classification based on counting of metabolic syndrome 

risk factors present, such as recommended in the Endocrine Society guidelines [29]. The 

choice of cut points for DRS can affect the NRI. There are different ways in which cut 

points could be selected. In the development of the DRS, a cut point to define ‘high’ risk 

was chosen, which put approximately 10% of the population in a ‘high’ risk category with a 

risk 3–4 times higher than the overall risk of the population. The cut point for ‘low’ risk was 

chosen such that the risk was 3–4 times lower than the population risk. In a recent 

publication [30], cut points for DRS were chosen to match the population fraction defined 

by the number of metabolic syndrome risk factors. Again, DRS showed a significant NRI 

compared with metabolic risk factor counting in a population with either metabolic 

syndrome or IFG. Thus, the DRS is complementary to routine screening methods that use 

either standard lab tests or clinical risk factors commonly used by physicians when making 

treatment decisions. The IRAS cohort provided an excellent opportunity to study these 

subpopulations because its enrollment criteria enriched for participants at higher risk than 

the US population as a whole.

The ability of the OGTT to discriminate between participants by 5-year conversion status 

was equivalent to the DRS. However, the shortcomings of the OGTT are well known [31]. In 

non-diabetic patients, OGTT is most commonly used to diagnose IGT, using a single 

threshold as defined by American Diabetes Association guidelines [11,26]. We have shown 

that when used in this manner, the OGTT is complemented by the DRS. The DRS identifies 

high risk participants among both NGT and IGT subgroups who are significantly more 

likely to develop diabetes. Most importantly, the DRS identified as high risk nearly 40% of 

participants who had IFG but NGT; one third of these participants converted within 5 years. 

These are patients who might not receive the level of intervention warranted by their risk in 

the absence of this additional information.

In summary, we have demonstrated in a multi-ethnic US cohort that the DRS meets an 

important clinical need for improved diabetes risk assessment tools. It is convenient for 

physicians, as it may currently be ordered as a laboratory test on a fasting blood sample, and 

does not require them to enter anthropometric, demographic or patient history information. 

It complements routine diabetes risk screening tools, including the OGTT, by further 

stratifying elevated-risk subpopulations where the need for such tools is greatest, and is 

effective in non-Caucasian subpopulations.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Discrimination of the Diabetes Risk Score between converters and non-converters in the 

subpopulations of the Insulin Resistance Atherosclerosis Study cohort defined by race and 

gender, compared with discrimination in the cohort as a whole, by AROC. The 95% CIs on 

each AROC value, and p-values were estimated by bootstrap resampling. The vertical lines 

indicate the estimated AROC and its 95% CIs for the entire study. The p-values indicate the 

likelihood that the differences between each subgroup and the study as a whole would be 

observed by chance. NHW, non-Hispanic white
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Table 2
Baseline characteristics of Insulin Resistance Atherosclerosis Study participants stratified 
by conversion status

Diabetes conversion status

Baseline variable NC C p-value

Number of participants (N) 595 127

Age (years) 55 (46–63) 57 (49–65) 0.0132

Fasting glucose (mg/dL) 92 (83–102) 100 (90–112) <0.0001

Fasting insulin (pmol/L) 70 (38–129) 108 (55–211) <0.0001

Adiponectin (mg/mL) 7.6 (4.9–11.7) 6.3 (4.1–9.6) <0.0001

Ferritin (ng/mL) 95 (33–275) 134 (56–323) 0.0078

Interleukin receptor 2 alpha (u/mL) 321 (215–479) 338 (223–512) 0.7543

C-reactive protein (mg/L) 1.8 (0.6–5.6) 2.7 (1.0–7.3) 0.4674

Diabetes Risk Score 4.5 (1.7–7.7) 7.7 (4.8–9.3) <0.0001

BMI (kg/m2) 27 (23–33) 31 (25–38) <0.0001

Waist circumference (cm) 88 (77–101) 95 (83–109) 0.3099

Systolic blood pressure (mm Hg) 119 (105–136) 124 (108–145) 0.1365

Diastolic blood pressure (mm Hg) 77 (69–87) 78 (69–89) 0.5325

Total cholesterol (mmol/L) 5.4 (4.4–6.5) 5.4 (4.5–6.5) 0.905

HDL cholesterol (mmol/L) 1.2 (0.9–1.6) 1.1 (0.8–1.4) 0.0094

LDL cholesterol (mmol/L) 3.6 (2.8–4.5) 3.6 (2.7–4.7) 0.9728

Triglycerides (mmol/L) 1.2 (0.7–2.2) 1.5 (0.9–2.5) 0.0085

2-h glucose (mg/dL) 115 (88–152) 149 (118–188) <0.0001

Unadjusted means (±1 standard deviation) were calculated on the transformed variablesa and back-transformed. The p-value tests the null 
hypothesis that there is no significant difference between converters (C) and non-converters (NC) after adjusting for body mass index (BMI), age, 
clinic, gender and race.

a
All variables were log-transformed except for fasting glucose and LDL cholesterol, where the square root was applied, systolic blood pressure, 

where the reciprocal was used, the DRS, which was logit-transformed, and age, which was not transformed.
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Table 3
Differences in baseline characteristics of Insulin Resistance Atherosclerosis Study 
participants stratified by race/ethnicity

Racial/ethnic group

Baseline variable NHW Hispanic African American p-value

Number of participants (N) 302 249 171

Age (years) 56 (47–64) 54 (46–63) 55 (46–63) 0.0607

Fasting glucose (mg/dL) 94 (83–106) 91 (82–101) 96 (86–107) 0.0452

Fasting insulin (pmol/L) 67 (35–128) 81 (42–159) 81 (45–147) 0.0078

Adiponectin (mg/mL) 7.9 (5.2–12.2) 7.2 (4.7–11.2) 6.5 (4.3–10) <0.0001

Ferritin (ng/mL) 99 (36–272) 99 (33–298) 107 (39–293) 0.1199

Interleukin receptor 2 alpha (u/mL) 350 (235–520) 335 (227–493) 270 (184–395) <0.0001

C-reactive protein (mg/L) 1.7 (0.5–5.3) 2.4 (0.9–6.5) 1.9 (0.6–5.8) 0.1779

Diabetes Risk Score 5.0 (1.8–8.2) 4.9 (1.7–8.1) 5.8 (2.6–8.5) 0.0642

BMI (kg/m2) 27 (23–33) 28 (23–34) 29 (24–34) 0.0363

Waist circumference (cm) 90 (78–103) 89 (78–103) 90 (78–103) 0.0242

Systolic blood pressure (mm Hg) 119 (105–137) 118 (103–136) 123 (109–142) 0.0198

Diastolic blood pressure (mm Hg) 76 (68–86) 78 (69–88) 78 (69–89) 0.0242

Total cholesterol (mmol/L) 5.3 (4.5–6.4) 5.3 (4.3–6.6) 5.5 (4.7–6.6) 0.2188

HDL cholesterol (mmol/L) 1.1 (0.8–1.6) 1.1 (0.8–1.5) 1.3 (1.0–1.7) 0.0038

LDL cholesterol (mmol/L) 3.6 (2.8–4.5) 3.5 (2.6–4.5) 3.8 (3.0–4.7) 0.0148

Triglycerides (mmol/L) 1.3 (0.8–2.2) 1.5 (0.9–2.6) 1.0 (0.6–1.7) <0.0001

2-h glucose (mg/dL) 120 (91–158) 120 (89–162) 122 (93–161) 0.9693

Unadjusted means (±1 standard deviation) for each racial group on the transformed variablesa. The p-value indicates the probability that no 
significant difference exists between groups after adjusting for age, gender, clinic, body mass index (BMI) and conversion status. NHW, non-
Hispanic white.

a
All variables were log-transformed except for fasting glucose and LDL cholesterol, where the square root was applied, systolic blood pressure, 

where the reciprocal was used, the DRS, which was logit-transformed, and age, which was not transformed.
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