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Abstract

BACKGROUND—Biomarkers for estimating reduced glucose tolerance, insulin sensitivity, or 

impaired insulin secretion would be clinically useful, since these physiologic measures are 

important in the pathogenesis of type 2 diabetes mellitus.

METHODS—We conducted a cross-sectional study in which 94 individuals, of whom 84 had 1 or 

more risk factors and 10 had no known risk factors for diabetes, underwent oral glucose tolerance 

testing. We measured 34 protein biomarkers associated with diabetes risk in 250-μL fasting serum 

samples. We applied multiple regression selection techniques to identify the most informative 

biomarkers and develop multivariate models to estimate glucose tolerance, insulin sensitivity, and 

insulin secretion. The ability of the glucose tolerance model to discriminate between diabetic 

individuals and those with impaired or normal glucose tolerance was evaluated by area under the 

ROC curve (AUC) analysis.

RESULTS—Of the at-risk participants, 25 (30%) were found to have impaired glucose tolerance, 

and 11 (13%) diabetes. Using molecular counting technology, we assessed multiple biomarkers 

with high accuracy in small volume samples. Multivariate biomarker models derived from fasting 

samples correlated strongly with 2-h postload glucose tolerance (R2 = 0.45, P < 0.0001), 

composite insulin sensitivity index (R2 = 0.91, P < 0.0001), and insulin secretion (R2 = 0.45, P < 

0.0001). Additionally, the glucose tolerance model provided strong discrimination between 
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diabetes vs impaired or normal glucose tolerance (AUC 0.89) and between diabetes and impaired 

glucose tolerance vs normal tolerance (AUC 0.78).

CONCLUSIONS—Biomarkers in fasting blood samples may be useful in estimating glucose 

tolerance, insulin sensitivity, and insulin secretion.

Impaired glucose tolerance and reduced insulin sensitivity and secretion are established risk 

factors for type 2 diabetes mellitus (T2DM)3 (1–4). Although these metabolic disturbances 

begin before the onset of overt disease, it is difficult to assess these parameters in routine 

clinical practice. Identification of biomarkers in fasting blood samples that could distinguish 

individuals at highest risk for developing T2DM would represent a major medical advance 

and potentially provide novel mechanistic insights into disease pathogenesis. Thus, in this 

pilot study, we sought to identify biomarkers in fasting blood samples that could estimate 

glucose tolerance, insulin sensitivity, and insulin secretion, given their importance in 

diabetes pathophysiology. We note that the cross-sectional study design does not permit 

evaluating the association of biomarkers to incident diabetes risk. We measured 34 distinct 

serum protein biomarkers in a small volume of fasting serum from 94 individuals who 

underwent 75-g oral glucose tolerance testing (OGTT), and we developed models estimating 

glucose tolerance, insulin sensitivity, and insulin secretion.

Methods

Studies were approved by the Committee on Human Studies of the Joslin Diabetes Center. 

Participants provided written informed consent. Eighty-four consecutive participants who 

answered posted advertisements and reported 1 or more risk factors—including body mass 

index (BMI) >30 kg/m2, nonwhite ethnicity, previous gestational diabetes or offspring >9 

lbs (4.1 kg) at birth, parental history of diabetes, history of hypertension, dyslipidemia or 

ischemic heart disease, or history of “borderline” abnormal glucose (high glucose but not 

diagnostic for diabetes)—were studied along with 10 persons with no known diabetes risk 

factors. Additional participant criteria are provided in the Supplemental Materials (which 

accompany the online version of this article at http://www.clinchem.org/content/vol57/

issue2).

Weight, height, and blood pressure were measured (see details in the online Supplemental 

Materials). Fasting blood samples were obtained for laboratory analysis, and glucose and 

insulin were measured before and 30, 60, 90, and 120 min after a 75-g glucose load. 

Participants were classified by glucose tolerance status (5).

We calculated insulin resistance using dynamic composite insulin sensitivity index (CISI) 

(6) and fasting homeostasis model assessment of insulin resistance (HOMA-IR) (7), and 

insulin secretion using the corrected incremental insulin response (CIR) (8, 9), as described 

in the online Supplemental Materials.

3Nonstandard abbreviations: T2DM, type 2 diabetes mellitus; OGTT, oral glucose tolerance testing; BMI, body mass index; CISI, 
composite insulin sensitivity index; HOMA-IR, homeostasis model assessment of insulin resistance; CIR, corrected incremental 
insulin response; HbA1c, hemoglobin A1c; IL, interleukin; NGT, normal glucose tolerance; IGT, impaired glucose tolerance; PAI-1, 
plasminogen activator inhibitor 1; ANG, angiogenin; TIMP2, TIMP metallopeptidase inhibitor 2; AHSG, α-2-HS-glycoprotein; 
IGFBP-1, insulin-like growth factor binding protein 1; GPT, glutamic-pyruvate transaminase; IQR, interquartile range; AUC, area 
under the ROC curve; TNFRSF1A, tumor necrosis factor receptor superfamily member 1A.
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BIOMARKERS

Using commercial laboratory techniques, we measured widely used clinical laboratory 

markers—glucose, insulin, hemoglobin A1c (HbA1c), total cholesterol, HDL cholesterol, 

LDL cholesterol, triglycerides, and fructosamine—in fasting blood samples. Thirty-four 

additional serum protein biomarkers having a potential role in diabetes development were 

quantified using sandwich-format immunoassays and molecular counting performed on the 

ZeptX™ System (Singulex), a predecessor to the Erenna™ System (10). Details of the 

biomarker assays and detection technology are in the online Supplemental Materials. In 

brief, serum protein biomarkers are quantified with molecular counting technology in a 10-

μL volume using a 384-microwell immunoassay format. Capture antibodies specific for an 

individual biomarker are attached to the surface of each microwell; serum samples are 

added, followed by addition and binding of AlexaFluor 647–labeled secondary antibody. 

Fluorescence-labeled antibody complexes are chemically released from each well and 

pumped through a capillary flow system for detection of laser-induced fluorescence. A 

threshold above background is set so that each signal represents a labeled antibody molecule 

(Fig. 1).

DATA ANALYSIS AND MODEL DEVELOPMENT

We estimated associations among biomarkers on transformed concentrations using Pearson 

correlation. The correlation matrix was represented as a heat map with marker order decided 

by nearest-neighbor hierarchical clustering. We estimated univariate Spearman rank 

correlation between each serum protein biomarker and glucose tolerance (measured as 2-h 

glucose concentration following oral glucose), insulin sensitivity (calculated as CISI), and 

insulin secretion (calculated as CIR). These physiologic measures of diabetes 

pathophysiology provide useful clinical information but require testing at multiple time 

points. Because our goal is to avoid the need for dynamic testing, we constructed models 

using markers measured in blood samples obtained only in the fasting state and developed 

multiple linear regression models by searching for the most informative marker subsets. 

Two nested marker sets were considered: (1) a 46-marker set consisting of 34 serum protein 

biomarkers and 12 clinical and routine laboratory markers [age, sex, BMI, waist-to-hip ratio, 

HbA1c, and concentrations of glucose, insulin, fructosamine, cholesterol (total, HDL, and 

LDL), and triglycerides]; and (2) a 42-marker set that excluded measures of glycemia 

(glucose, HbA1c, and fructosamine) and insulin from consideration, to better reveal 

associations of nonglycemic biomarkers with indices of diabetes pathophysiology.

All data were log10 transformed except insulin secretion, which was square root transformed 

to satisfy distributional assumptions of linear regression. We used 6 marker selection 

techniques: forward, backward, and stepwise selection based on Akaike and Bayesian 

information criteria (11). These techniques were executed within 100 bootstrap replicates, 

and markers selected within each bootstrap sample were tabulated. For each marker, we 

computed a weighted average “selection-count” based on the number of times it was 

selected under bootstrap sampling weighted by 1/k, where k is the number of markers in 

each resulting model. Markers were selected based on average selection-count exceeding a 

threshold determined by a permutation test in which outcome was randomly assigned for 

each model developed, and 100 bootstrap replicates were used to calculate weighted marker 
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count averages of 6 selection techniques. We repeated this permutation process 20 times; the 

95th percentile of weighted marker count averages was used as a cutoff to identify markers 

selected significantly more frequently than random. Selected markers were used to construct 

multiple linear regression models. Internal validation was estimated using bootstrap model 

performance (R2) from the median of 10 000 left-out bootstrap replicates for each model 

output.

A model incorporating 6 biomarkers [adiponectin, C-reactive protein, ferritin, interleukin 

(IL)-2Rα, glucose, and insulin] was identified recently as predictive of incident T2DM (12). 

For comparison in this study, we tested the ability of these markers to estimate glucose 

tolerance and insulin action and secretion in independent models and compared the 

performance, based on the coefficient of determination (R2), to the models we identified.

Results

CLINICAL CHARACTERISTICS

Study participants had 1 or more risk factors for developing diabetes—44, parental history 

of diabetes; 33, obese (BMI ≥30 kg/m2); 24, history of high cholesterol; 13, history of 

hypertension; 19, ethnic minority; and 24, history of gestational diabetes or other 

“borderline” abnormal glucose. Ten participants at low risk for diabetes (no risk factors) 

were also recruited. On the basis of the glucose tolerance testing in the entire study 

population, 58 individuals were classified as having normal glucose tolerance (NGT, 2-h 

glucose <7.8 mmol/L). Of the at-risk participants, 25 (30%) had impaired glucose tolerance 

(IGT, 2-h glucose range ≥7.8 to <11.1 mmol/L and fasting plasma glucose <7.0 mmol/L), 

and 11 (13%) were identified with newly diagnosed T2DM (2-h glucose ≥11.1 mmol/L) 

(Table 1).

BIOMARKER IMMUNOASSAY ANALYSIS

The mean protein concentrations for the 34 serum protein biomarkers, which ranged over 

more than 8 orders of magnitude (from 10 ng/L to 4.3 g/L) among all 94 study participants, 

are shown in Table 2. Univariate Spearman rank correlations between model endpoints and 

individual biomarkers are also shown in Table 2. Leptin, C-reactive protein, and 

plasminogen activator inhibitor 1 (PAI-1) have most shared variance with glucose tolerance, 

insulin sensitivity, and insulin secretion, respectively. A heat map of the univariate 

correlations among the 34 different markers is provided in Fig. 2. Strong positive 

associations were noted among total cholesterol and LDL cholesterol, as well as angiogenin 

(ANG), TIMP metalloproteinase inhibitor 2 (TIMP2), α-2-HS-glycoprotein (AHSG), and 

apolipoprotein E.

MARKER SELECTION IN MULTIVARIATE MODELS

Performance of the multivariate models in estimating glucose tolerance, insulin sensitivity, 

and insulin secretion are reported in Table 3. As expected, multivariate models that include 

glucose and/or insulin have stronger correlation with indices of diabetes pathogenesis than 

models excluding these markers from consideration.
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GLUCOSE TOLERANCE

A subset of 5 markers was associated with glucose tolerance: fasting glucose, leptin, insulin-

like growth factor binding protein 1 (IGFBP-1), glutamic pyruvate transaminase (GPT, also 

known as alanine amino-transferase), and HbA1c. As shown in Fig. 3A, multivariate 

modeling indicates that 45% of variance between modeled and observed 2-h glucose values 

is accounted for by these 5 markers alone (P < 0.0001), providing a fitted estimate. The 

bootstrap R2 value is 0.38 [interquartile range (IQR) 0.16–0.58], providing an estimate of 

expected performance on an independent data set. By comparison, a model using 6 

biomarkers previously shown to assess T2DM risk—adiponectin, C-reactive protein, 

ferritin, IL-2Rα, glucose, and insulin (12)—estimated glucose tolerance with an R2 value of 

0.33 (P < 0.0001) and bootstrap R2 value of 0.21 (IQR 0.14–0.29).

On excluding glycemic markers (glucose, HbA1c, and fructosamine) and insulin from 

consideration, 5 markers were identified as most informative: leptin, IL-18, GPT, IGFBP-1, 

and ACE. Multivariate models constructed with these variables yielded an R2 value of 0.26 

(P < 0.0001) and bootstrap R2 value of 0.16 (IQR 0.01–0.39). Although leptin is associated 

with excess weight, leptin remained an important marker for glucose tolerance even after 

statistically controlling for BMI (P < 0.001, likelihood ratio test).

DISCRIMINATION OF GLUCOSE TOLERANCE STATUS

The best-performing glucose tolerance model (fasting glucose, leptin, IGFBP-1, GPT, and 

HbA1c) was able to discriminate between individuals based on glucose tolerance status. As 

shown in Fig. 3B, this model yielded an area under the ROC curve (AUC) of 0.89 for 

discrimination between those with diabetes vs without diabetes (individuals with IGT and 

NGT). Further, an AUC of 0.78 was observed for discrimination between those with 

abnormal glucose tolerance (T2DM or IGT) vs those with NGT, and 0.73 for discrimination 

between individuals with IGT vs those with NGT.

INSULIN SENSITIVITY

A subset of 5 markers was associated with insulin sensitivity (assessed using the dynamic 

CISI measure): fasting glucose, insulin, Fas ligand, complement C3, and PAI-1. As shown 

in Fig. 3C, 91% of variance between predicted and observed CISI values was accounted for 

by these 5 markers alone (P < 0.0001). In addition, a bootstrap R2 value of 0.90 (IQR 0.83–

0.94) indicates that the model could be expected to perform well on an independent data set. 

By comparison, HOMA-IR, a widely accepted estimate of insulin resistance based on 

fasting glucose and insulin, explained 88% of the variance of the dynamic measure of 

insulin sensitivity; thus, addition of Fas ligand, complement C3, and PAI-1 resulted in a 

small but significant improvement (P < 0.0001, likelihood ratio test) over HOMA-IR in 

estimating insulin sensitivity by CISI. Further, the model using the 6 biomarkers previously 

shown to assess incident T2DM risk (12) estimated insulin sensitivity with an R2 value of 

0.89 (P < 0.0001) and bootstrap R2 value of 0.87 (IQR 0.85–0.89).

When glycemic markers and insulin were removed from consideration, 5 markers were 

identified as most informative: IGFBP-1, leptin, PAI-1, GPT, and triglycerides. Multivariate 
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models constructed with these variables yielded an R2 value of 0.62 (P<0.0001) and 

bootstrap R2 value of 0.58 (IQR 0.37–0.73).

INSULIN SECRETION

Five markers were associated with insulin secretion: fasting glucose, insulin, PAI-1, ACE, 

and IL-2Rα. As shown in Fig. 3D, multivariate modeling indicates that 45% of the variance 

between predicted and observed square root CIR values is accounted for by these 5 markers 

alone (P < 0.0001), and the bootstrap R2 value is 0.39 (IQR 0.12–0.61). When glucose, 

HbA1c, fructosamine, and insulin were removed from consideration, 6 markers were 

selected: PAI-1, tumor necrosis factor receptor superfamily member 1A (TNFRSF1A), 

chemokine ligand 2, IL-2 receptor, IGFBP-1, and ACE. Multivariate models constructed 

with these 6 variables yielded an R2 value of 0.37 (P < 0.0001) and bootstrap R2 value of 

0.29 (IQR 0.07–0.50). By comparison, the model using the 6 biomarkers previously shown 

to assess incident T2DM risk (12) estimated insulin secretion with a larger fitted R2 value of 

0.42 (P < 0.0001) but a lower bootstrap R2 value of 0.32 (IQR 0.24–0.40), suggesting that, 

within the current population, this latter model is more biased than the 5-marker model 

defined above.

Discussion

Our data indicate that multivariate models based on multiple biomarkers can be used to 

estimate glucose tolerance, insulin sensitivity, and insulin secretion. Although our cross-

sectional study design cannot identify markers predicting diabetes risk, such composite 

biomarker profiles may be useful to more readily identify people at high risk of diabetes and 

improve targeting of preventive strategies. Genetic variants have been shown to provide 

additive value to clinical risk factors to identify progression to disease (9, 14), and metabolic 

biomarkers may further improve identification of people with highest risk profiles. The fact 

that >40% of consecutive clinically at-risk persons in this study had IGT or previously 

undiagnosed T2DM further emphasizes the need for screening and/or diagnostic tools that 

extend beyond readily accessible clinical variables. Notably, although the clinical variables 

age, sex, BMI, and waist-to-hip ratio were evaluated for selection during model 

development, none of these was selected as among the most informative variables, 

suggesting that the information was captured in the biomarkers selected by the model 

development algorithm.

Because the OGTT is less frequently used in clinical practice, individuals with either T2DM 

or IGT, defined on the basis of high postload glucose values but with normal fasting glucose 

values, may not be diagnosed. This is an important consideration, as postchallenge glucose 

better predicts increased risk for cardiovascular disease (13, 14). Importantly, the 

multivariate glucose tolerance model provides strong discrimination between individuals 

with confirmed newly diagnosed T2DM (based solely on 2-h postload glucose) and those 

with known risk factors for development of T2DM but without disease (AUC 0.89). The 

glucose tolerance model also provides relevant discrimination between individuals with IGT 

and those with NGT (AUC 0.73). These data may therefore provide information to guide 

selection of patients who warrant more aggressive intervention for risk factors, such as 
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smoking, weight, blood pressure, and lipid management. Recent studies have found 

combinations of biomarkers—including adiponectin, C-reactive protein, ferritin, IL-2Rα, 

IL-1 receptor antagonist, apolipoprotein B, glucose, and insulin—to be of potential value for 

prediction of incident diabetes (12, 15). The markers we identified to be associated with 

glucose tolerance differed somewhat. Our study used fasting biomarkers to predict 2-h 

postload glucose on the same day, whereas the other studies aimed to predict future disease. 

It is also possible that different biomarkers will predict disease differentially in diverse 

populations which have dissimilar genetic makeup or environmental exposures.

Biomarkers from fasting specimens also correlated with the dynamic insulin secretion index. 

Methods to assess β-cell function in clinical studies are limited, and multivariate biomarkers 

may provide an alternative. Of note, the insulin secretion model is strong under both 

scenarios, accounting for 45% of the variance (bootstrap estimate 39%) when all markers 

were considered, and 37.3% of the variance (bootstrap estimate 29%) when glycemic 

markers and insulin were excluded. This finding suggests that a large component of insulin 

secretion can be estimated by nonglycemic variables, although confirmation in a unique 

patient group is needed. This is especially important since the homeostasis model 

assessment underestimates the magnitude of β-cell defects demonstrated by the OGTT in 

IGT and newly diagnosed diabetes (16).

The insulin sensitivity model exhibited the strongest performance, accounting for 91% of the 

variance between predicted and observed CISI values when all markers were considered. 

This finding would be anticipated, as fasting insulin and glucose correlate with insulin 

sensitivity in the widely used HOMA-IR model. However, 62% of the variance in insulin 

sensitivity could be accounted for by the markersIGFBP-1, leptin, PAI-1, GPT, and 

triglycerides in models where glycemic markers and insulin were excluded. The strong 

performance of the insulin sensitivity model is noteworthy, since all measurements are based 

on fasting samples, yet the full model demonstrates a correlation with CISI values 

significantly better than that of HOMA-IR alone. In future studies, it will be interesting to 

compare performance of the insulin sensitivity model with euglycemic-hyperinsulinemic 

clamp–derived measures of insulin sensitivity, currently the gold standard. Together, these 

findings underscore the value of multiple select biomarkers over fasting glucose and insulin 

measurements alone in assessing insulin sensitivity.

A 6-biomarker set was previously identified in the Inter99 cohort to predict incident 

diabetes: adiponectin, C-reactive protein, ferritin, IL-2Rα, glucose, and insulin (12). On 

assessing these 6 biomarkers in our study population, we found that each of these 

biomarkers was involved in glucose tolerance and insulin action in univariate analysis. 

Although the biomarkers selected in our models for estimating glucose tolerance, insulin 

secretion, and insulin sensitivity differ from those of the 6-biomarker model previously 

developed, this could be due to use of different endpoints, differences between study 

populations, or additional factors related to the pathophysiology of T2DM. Nonetheless, 

when used to construct linear regression models in our study population, we found that these 

6 biomarkers also performed reasonably well in estimating glucose tolerance, insulin 

sensitivity, and insulin secretion, as demonstrated by bootstrap R2 values of 0.21, 0.87, and 

0.32, respectively, for a 6-biomarker model compared with 0.38, 0.90, and 0.38, 
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respectively, for multivariate models identified solely within our data set. The fact that the 

6-biomarker model, selected in a different population for the related but different outcome 

of development of diabetes, performed as well as it did in estimating glucose tolerance, 

insulin sensitivity, and insulin secretion in our population is encouraging, in that it suggests 

that the biomarkers reflect the underlying disease pathology.

The subset of protein biomarkers we identified as most informative are consistent with 

earlier reports. For example, we found that PAI-1 was important for the prediction of insulin 

sensitivity and insulin secretion. Earlier studies have shown that serum concentrations of 

PAI-1 correlate with plasma insulin and insulin resistance and predict the likelihood of 

developing diabetes (17). Similarly, we identified complement C3 as among the most 

informative biomarkers for prediction of insulin sensitivity. Complement C3 is strongly 

associated with insulin resistance and increased risk of T2DM (18, 19). We also identified 

IL-18 and leptin as important biomarkers for prediction of glucose tolerance. Serum 

concentrations of IL-18 correlate with fasting glucose (20, 21) and with T2DM risk (22). By 

comparison, beyond the association with excess weight, the relationship between leptin and 

T2DM risk is less clear. Our results indicate that leptin is an important predictor of glucose 

tolerance even after statistically controlling for BMI (P = 0.001, likelihood ratio test). 

Although some studies have found high leptin concentrations associated with an increased 

risk of incident T2DM (23, 24), other studies found either no independent association 

between leptin concentrations and T2DM risk (25) or that high leptin concentrations 

predicted lower risk (26).

One interpretation of our observations is that biomarkers identified as important for 

estimating glucose tolerance, insulin sensitivity, and insulin secretion may be causally 

related to T2DM development. However, statistical association of biomarkers with these 

parameters does not necessarily imply a causative role in T2DM pathogenesis. Alternatively, 

biomarkers may change as a result of the underlying disease process or from a common 

genetic etiology that underlies both biomarker expression and T2DM risk. Additionally, 

differences in biomarker concentrations could be a result of existing disease rather than a 

predictor, as several individuals in this cross-sectional cohort had diabetes that was 

diagnosed during participation. Our study used only biomarkers already linked to diabetes 

pathophysiology in the published scientific literature and hence does not represent an 

unbiased survey of all markers that may be important for disease pathogenesis. The criterion 

we used for selecting markers was whether their weighted counts exceeded random 

likelihood based on a permutation test, not whether their coefficient was significantly 

different from zero. The strong correlations we observed between biomarkers (shown in the 

heat map of Fig. 2) could reflect collinearity, in which case biomarkers could be removed 

from the models as a statistical artifact due to strong correlation with another marker rather 

than for more important biological reasons. In addition, although we used bootstrap models 

to estimate performance in an independent cohort, validation of our findings is important 

before implementation in clinical practice. Our observations on the relative importance of 

biomarkers in estimating glucose tolerance, insulin sensitivity, and insulin secretion provide 

proof-of-concept that prospective studies in large, well-characterized cohorts would be 

worthwhile.
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In conclusion, our findings indicate that measurement of biomarkers in fasting blood 

samples may be useful for identifying reduced glucose tolerance, insulin sensitivity, and 

insulin secretion—metabolic disturbances all linked to T2DM risk. Furthermore, it may be 

possible to use fasting blood samples to identify individuals with IGT who are at risk for not 

only T2DM but also incident cardiovascular disease. We identified fasting glucose, leptin, 

IGFBP-1, GPT, and HbA1c as the most informative markers for glucose tolerance; fasting 

glucose, insulin, Fas ligand, complement C3, and PAI-1 as most informative for insulin 

sensitivity; and fasting glucose, insulin, PAI-1, ACE, and IL-2Rα as most informative for 

insulin secretion. It will be important to evaluate performance of these models prospectively 

in independent cohorts, especially using longitudinal study designs for prediction of T2DM. 

Ultimately, assessment of biomarkers may complement additional strategies, such as genetic 

approaches. By identifying individuals with highest levels of insulin resistance, impaired 

insulin secretion, and/or glucose tolerance, it may be possible to focus lifestyle and drug 

intervention strategies aimed at preventing or delaying onset of disease.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Fig. 1. Schematic of molecular counting technology
Serum protein biomarkers were quantified with molecular counting technology in a 10-μL 

volume using a 384-microwell immunoassay format. (A), Attached to the surface of each 

microwell are capture antibodies specific for an individual biomarker. (B), Upon addition of 

serum sample, biomarkers are bound to the capture antibodies, followed by the addition and 

binding of AlexaFluor 647-labeled secondary antibody (C). (D), The fluorescence-labeled 

antibody complexes are chemically released from each well and pumped through a capillary 

flow system for detection of laser-induced fluorescence. (E), Photons emitted from 

AlexaFluor 647–labeled antibody molecules are distinguished from background levels so 

that each signal represents a molecular counting event.
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Fig. 2. Heat map of the univariate correlations among the serum protein biomarkers
Pearson correlation was used to estimate associations among biomarkers on transformed 

concentrations. For key to abbreviations, see Table 2.
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Fig. 3. Performance of the multivariate linear regression models for glucose tolerance, insulin 
sensitivity, and insulin secretion
(A), Glucose tolerance model, predicted versus observed log10 OGTT 2-h plasma glucose 

values, with an R2 value of 0.45 and a bootstrap R2 value of 0.38. The components for the 

glucose tolerance model include fasting glucose, leptin, IGFBP-1, GPT, and HbA1c. (B), 

ROC analysis for discrimination of T2DM, IGT, and NGT by the glucose tolerance model. 

(C), Insulin sensitivity model, predicted versus observed log10 CISI values, with an R2 value 

of 0.91 and a bootstrap R2 value of 0.90. The components for the insulin sensitivity model 

include fasting glucose, insulin, Fas ligand, complement C3, and PAI-1. (D), Insulin 

secretion model, predicted versus observed square root CIR values, with an R2 value of 0.45 

and a bootstrap R2 value of 0.39. The components for the insulin secretion model include 

fasting glucose, insulin, PAI-1, ACE, and IL-2Rα.
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Table 1

Clinical characteristics of study participants according to glucose tolerance at baseline.a

NGT IGT T2DM

n           58           25           11

Male, %     27 (46.6)        6 (24)        4 (36.4)

Age, years     41 (29–47)      50 (35–55)      52 (44–54)

BMI, kg/m2  27.2 (24.7–31.0)   29.7 (25.3–35.0)   33.8 (26.6–38.4)

Waist-to-hip ratio  0.90 (0.84–0.96)   0.86 (0.81–0.94)   0.93 (0.87–0.99)

Systolic blood pressure, mmHg   116 (106–124)    128 (110–134)    130 (123–138)

Diastolic blood pressure, mmHg     75 (68–80)      78 (72–80)      86 (73–90)

Total cholesterol, mmol/L    4.6 (4–5.1)     4.9 (4.3–5.5)     4.3 (3.7–4.6)

LDL cholesterol, mmol/L    3.1 (2.3–3.5)     3.1 (2.4–3.8)     2.7 (2.4–3.5)

HDL cholesterol, mmol/L    1.2 (0.9–1.4)     1.2 (1–1.5)        1 (0.8–1.1)

Triglycerides, mmol/L    1.0 (0.6–1.4)     1.2 (0.7–1.6)     1.3 (0.9–1.9)

HbA1c, %    5.3 (5.1–5.5)     5.4 (5.3–5.6)     6.4 (5.6–6.8)

Urinary albumin, μg/mg creatinine    4.4 (0.6–8.7)     5.6 (3–10.9)     4.9 (3.6–7.6)

Fructosamine, μmol/L   203 (190–218)    214 (203–224)    224 (209–243)

Plasma glucose, mmol/L

 Fasting    5.2 (4.9–5.4)     5.4 (5–5.7)     6.4 (5.8–6.9)

 2-h    6.1 (5.3–6.9)     8.8 (8–10)   12.9 (12.6–14)

Serum insulin, pmol/L

 Fasting   56.6 (38.7–79.9)   82.0 (42.4–140.3)   98.6 (65.6–203.8)

 2-h 268.8 (193.4–459.6) 713.3 (475–1224.4) 804.9 (476.8–1202.9)

HOMA-IR   1.85 (1.31–2.9)   2.75 (1.63–5.19)   4.48 (2.62–7.67)

CISI   52.9 (31.7–87.4)   50.1 (37.5–63.5)   19.7 (15.0–66.6)

CIR   0.28 (0.17–0.47)   0.24 (0.15–0.32)   0.17 (0.1–0.23)

a
Data are as n (%) or median (interquartile range). Patients were classified according to glucose tolerance based on the 2006 WHO 

recommendations (5), where 2-h postload glucose values for NGT are <7.8 mmol/L, for IGT are ≥7.8 and <11.1 mmol/L, and for T2DM are ≥11.1 
mmol/L.
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