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A B S T R A C T

Dysglycemia, including prediabetes and type 2 diabetes, is dangerous and widespread. Yet, the condition is
transiently reversible and sequelae preventable, prompting the use of prediction algorithms to quickly assess
dysglycemia status through self-reported data. However, as current algorithms have largely been developed in
older populations, their application to younger adults is uncertain considering associations between risk factors
and dysglycemia vary by age. We sought to identify sex-specific predictors of current dysglycemia among young
adults and evaluate their ability to screen for prediabetes and undiagnosed diabetes. We analyzed 2005–2014
data from the National Health and Nutrition Examination Survey for 3251 participants aged 20–39, who
completed an oral glucose tolerance test (OGTT), had not been diagnosed with diabetes, and, for females, were
not pregnant. Sex-specific stepwise logistic models were fit with predictors identified from univariate analyses.
Risk scores were developed using adjusted odds ratios and model performance was assessed using area under the
curve (AUC) measures. The OGTT identified 906 (27.9%) and 78 (2.4%) participants with prediabetes or un-
diagnosed diabetes, respectively. Predictors of dysglycemia status for males were BMI, age, race, and first-degree
family history of diabetes, and, in addition to those, education, delivered baby weight, waist circumference, and
vigorous physical activity for females. Our male- and female-specific models demonstrated improved validity to
assess dysglycemia presence among young adults relative to the widely-used American Diabetes Association test
(AUC=0.69 vs. 0.61; 0.92 vs. 0.71, respectively). Thus, age-specific scoring algorithms employing ques-
tionnaire data show promise and are effective in identifying dysglycemia among young adults.

1. Introduction

Type 2 diabetes is highly prevalent, and may be marked by a substantial
deterioration of quality of life due to severe physical and psychological
comorbidities (Anderson et al., 2001; de Groot et al., 2001; Deshpande
et al., 2008; Grigsby et al., 2002; Rochette et al., 2014), as well as an in-
creased risk of premature mortality (Mathers and Loncar, 2006). Since the
prevalence of dysglycemia, which includes both type 2 diabetes and its
precursor, prediabetes (Goldney et al., 2004; Rubin and Peyrot, 1999),
continues to increase worldwide (Guariguata et al., 2014), the condition
poses an important threat to public health. In the US, one in three adults

was estimated to have prediabetes in 2010 (Bullard et al., 2013), while it is
projected that 25–28% of adults will have diabetes in 2050 (Boyle et al.,
2010). Increasingly, diabetes is first diagnosed before 40 years of age
(Centers for Disease Control and Prevention (CDC), 2003; Mainous et al.,
2007), with its global prevalence estimated to double to just under 60
million young adults from 2000 to 2030 (Wild et al., 2004). Since young
adults are less likely to be aware of their condition (Kaiser et al., 2012;
Satman et al., 2013) yet display more aggressive disease phenotypes than
older adults (Dabelea et al., 2017; Huo et al., 2016; Rhodes et al., 2012),
there is an increasing need to identify these individuals early to prevent,
delay onset, or reduce further morbidity.
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Notably, prediabetes is potentially reversible (Tabák et al., 2012;
Tuso, 2014), and its progression to diabetes is largely preventable in
both randomized-controlled trials (Knowler et al., 2002; Tuomilehto
et al., 2001) and community-based studies (Jiang et al., 2013; Kramer
et al., 2014; Vita et al., 2016; Vojta et al., 2013). After developing
diabetes, comorbidities can be prevented if treatment is started early
(Diabetes Control and Complications Trial Research Group et al., 1993;
Skyler, 2004). Therefore, many stand to gain from screening tools such
as risk prediction scores, which can identify who should seek medical
consultation to boost the possibility of prevention and treatment
(Paulweber et al., 2010). Risk scores, such as the American Diabetes
Association (ADA) Diabetes Risk Test (Bang et al., 2009), are developed
using questionnaire data by assigning weights to risk factors based on
their associations with prevalent disease in various study populations.
Since risk scores can be used to self-assess risk of current disease, they
are especially convenient for young adults who are less likely to have
medical insurance (Cohen and Bloom, 2010; Fishman, 2001) or regular
medical care (Cohen and Bloom, 2010). Previously, studies have vali-
dated established risk scores for dysglycemia that use a variety of de-
mographic, health, and behavioral factors in adults over 20 years old
using the National Health and Nutrition Examination Survey (NHANES)
datasets (Poltavskiy et al., 2016; Zhang et al., 2015). However, it has
long been recognized that risk factors for dysglycemia differ between
early-onset diabetes in young adulthood and late-onset in older adults
(Aguilar-Salinas et al., 2002; Hillier and Pedula, 2001; Song and
Hardisty, 2009; Wilmot and Idris, 2014; Yu et al., 2016). Female sex,
obesity, sedentary lifestyles, lower socioeconomic status, poor early-life
environments, unhealthy diet, and family history of diabetes are more
strongly associated with early-onset diabetes than late-onset diabetes
(Lascar et al., 2018; Wilmot and Idris, 2014). Since current risk scores
have largely been developed in older populations, they demonstrate
reduced model performance in the younger age-group (Mainous et al.,
2007). Additionally, differences in biology, lifestyle, and environment
exposures drive sex disparities in dysglycemia development (Kautzky-
Willer et al., 2016). For example, males are more likely to develop
diabetes at an earlier age and, especially in young adulthood, at a lower
BMI than females, due to sex-differences in insulin sensitivity, fat dis-
tribution, and blood lipid levels (Logue et al., 2011). These, and other
sex-differences, highlight the need to derive risk scores separately for
each sex.

Due to the differential associations between risk factors for dys-
glycemia by age and sex, we sought to identify sex-specific predictors of
prediabetes and undiagnosed diabetes among young US adults (aged
20–39), and to evaluate their utility in screening. Subsequently, due to
the few available screening tools tailored specifically for young adults,
we created two sex-specific risk scores optimized for this age-group
using NHANES data (2005–2014), while comparing them to one in
common practice: the ADA Diabetes Risk Test (Bang et al., 2009).

2. Methods

2.1. Study design and participants

For prediction modelling, we used the publicly-available 2005–2014
NHANES data, an annual cross-sectional study conducted in the United
States. Detailed methods are described elsewhere (Curtin et al., 2013, 2012;
Johnson et al., 2014; Zipf et al., 2013). Briefly, the survey employed a
complex, multistage probability sampling design and oversamples elderly,
adolescent, low-income, and some minority ethnic groups to produce a
representative sample of the non-institutionalized civilian population in the
US. NHANES gathered both self-reported and measured health data through
interviews, health examinations, and laboratory tests, creating a robust
dataset for health research.

Interviews were administered at the participant's home and assessed
demographic, socioeconomic, dietary, and health-related factors.
Health examinations were comprised of medical, dental, and

physiological components, including height, weight, and waist cir-
cumference measurements. As well, an array of laboratory tests was
performed, including the oral glucose tolerance test (OGTT), a well-
established standard for diagnosing dysglycemia (American Diabetes
Association, 2018). NHANES participants who were randomly assigned
to the morning sessions (vs. afternoon or evening; i.e. ~1/3 of parti-
cipants) and were 12 years or older were included in the OGTT. Parti-
cipants who reported pre-existing diabetes, current use of diabetes
medication, or could not participate in blood draws or fasting due to
health concerns were excluded. For the OGTT, a baseline blood test was
conducted the morning after a minimum fast of 9 h. Participants sub-
sequently ingested 75 g of dextrose within 10min, and an additional
blood test was conducted 2 h after. We followed ADA guidelines
(American Diabetes Association, 2018) to identify those with dysgly-
cemia, employing both fasting (FPG) and two-hour plasma glucose (2h-
PG) values in the OGTT. Specifically, prediabetes was defined by an
FPG of 5.6–6.9 mmol/L (100–125mg/dL) or a 2h-PG of
7.8–11.0 mmol/L (140–199mg/dL), while diabetes was defined by an
FPG≥7.0mmol/L (≥126mg/dL) or a 2h-PG≥11.1mmol/L
(≥200mg/dL).

A total of 9827 participants were 20–39 years old in the 2005–2014
NHANES datasets. Additional inclusion criteria for our analyses were as
follows: not pregnant, had both FPG and 2h-PG OGTT results, and did
not report pre-existing diabetes. We chose to include participants pre-
viously diagnosed with prediabetes as this condition is known to be
reversible (Tuso, 2014). Since a subset of the participants underwent
OGTT testing, only 3251 (33.1%) participants met these criteria and
were included in our analyses. Demographic and anthropometric dif-
ferences between those included and excluded are displayed in Ap-
pendix Table 1. Individuals excluded differed from those included in
terms of sex, race, education, and waist circumference, but were similar
in age category, BMI, and family history of diabetes.

2.2. Identification of risk factors

We reviewed the literature to identify risk factors for dysglycemia
using various keywords in combination, such as: prediabetes, diabetes,
young adult, youth, early-onset, risk factor, predictor, OGTT. Studies
looking at risk factors of diabetes development in young adulthood
were selected and examined. Predictors in the NHANES that could be
easily assessed by a clinician or individually by a participant were used
in the model-building procedure. These included: age, race, education
(a proxy for socioeconomic status), self-reported coronary heart dis-
ease, self-reported hypertension, self-reported diet healthfulness (“In
general, how healthy is {your/his/her} overall diet?”), physical activity
(moderate or vigorous), first-degree family history of diabetes, deliv-
ered baby weight, measured BMI, measured waist circumference, and
tobacco use (ever smoker or current smoker). Though self-reported
measures of behavior may be biased (Van De Mortel, 2008), they mirror
how individuals who employ the resulting risk scores will respond at
home and are thus suitable for risk score development.

Some data cleaning was performed on the selected risk factors. The
age variable was categorized into four 5-year groupings (20–24, 25–29,
30–34, and 35–39). The education variable was generated by ag-
gregating “less than 9th grade” and “9–11th grade (includes 12th grade
with no diploma)” to “less than high school”, “high school grad/GED or
equivalent” to “graduated high school”, “some college or AA degree” to
“some college or university”, and “college graduate or more” to
“graduated college or university”. The race variable combined re-
sponses of “Mexican American” and “other Hispanic” to “Hispanic”, and
kept “White”, “Black”, and “Other/Multi-racial” categories. For fe-
males, we created a classification variable for delivered baby weight
that consisted of responses: “nulliparous”, “baby weight< 9 lbs”, “baby
weight ≥9 lbs”, or “missing”. The “missing” category was added since
the question was not asked in the 2005–06 survey, resulting in a large
proportion of missing data. Groupings for BMI (Lyznicki et al., 2001)
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and waist circumference (Lean et al., 1995; Wang et al., 2005; World
Health Organization, 2000) were based on the literature. The “unable
to do activity” response, unique to the 2005–06 physical activity data,
was re-coded as “no” for having taken part in physical activity (mod-
erate or vigorous) in the last 30 days. Ever smoker variable was based
on having smoked ≥100 cigarettes in lifetime. The binary current
smoker variable was generated by aggregating the responses of “every
day” and “some days” to “yes” and “not at all” to “no”. The current
smoker question was asked only to those who responded “yes” to the
≥100 cigarettes in lifetime question. The responses “don't know” and
“refused” were re-coded as missing for all variables.

2.3. Statistical analyses

Analyses and data management were performed using SAS® 9.4
(SAS Institute, Cary, NC).

2.3.1. Model development
Models were developed separately for each sex. Identified risk fac-

tors were input into sex-stratified univariate analyses where the out-
come of interest was dysglycemia based on the OGTT. Since pre-
screening of variables may erroneously reject variables that contribute
to the model after adjustment (Collins et al., 2011), we chose to be
lenient with our variable selection criteria. Thus, variables which made
modest contributions to their sex-specific univariate models based on a

measure of statistical significance (likelihood ratio p < 0.20) were
retained for multivariable model fitting. In order to create an accessible
and easily-completed risk prediction tool, similar to other diabetes
screening tools (Bang et al., 2009; Lindström and Tuomilehto, 2003;
Robinson et al., 2011), we categorized continuous variables that were
retained in the final model. A stepwise logistic regression was then run
separately for each sex with their respective risk factors using a Wald χ2

significance level of p < 0.15 for the forward selection steps and
p < 0.10 for the backward elimination steps. Although stepwise
functions can enter extraneous variables into the final model, this is not
a significant limitation if the goal is to predict an outcome rather than
determining the most important factors associated with outcome de-
velopment (Austin and Tu, 2004). Subsequently, participants missing
data for predictors in the final models were excluded, and a dummy
variable was created to examine any differences between those in-
cluded and excluded. A receiver-operating characteristic (ROC) curve
was computed to test the predictive ability of the model to correctly
identify those with and without dysglycemia (based on the OGTT). An
area under the receiver-operating characteristic (AUC) of 0.7–0.79 is
considered acceptable, 0.8–0.89 excellent, and ≥0.9 outstanding
(Hosmer and Lemeshow, 2000). Additionally, to test the internal cali-
bration of the model between observed and expected probabilities of
having dysglycemia, a locally-estimated scatterplot smoothing (LOESS)-
based calibration curve was plotted (methods and rationale by Austin
and Steyerberg, 2014). This curve is a graphical representation of

Table 1
Descriptive characteristics of participants aged 20–39 who provided oral glucose tolerance test results, overall and by sex, NHANES 2005–2014a.

Characteristics Total (n=3251) Male (n= 1644) Female (n= 1607) p-Valueb

Glycemic status < 0.0001
Normoglycemia 2266 (69.7) 1028 (62.5) 1238 (77.0)
Prediabetesc 907 (27.9) 570 (34.7) 337 (21.0)
Undiagnosed diabetesd 78 (2.4) 46 (2.8) 32 (2.0)

Age (years) 29.5 ± 5.8 29.4 ± 5.8 29.6 ± 5.8 0.5
Race 0.41
White 1293 (39.8) 669 (40.7) 624 (38.8)
Hispanic 978 (30.1) 495 (30.1) 483 (30.1)
Black 621 (19.1) 296 (18.0) 325 (20.2)
Other/multi-racial 359 (11.0) 184 (11.2) 175 (10.9)

Highest attained education < 0.0001
Less than high school 678 (20.9) 377 (22.9) 301 (18.7)
Graduated high school 722 (22.2) 430 (26.2) 292 (18.2)
Some college or university 1074 (33.1) 475 (28.9) 599 (37.3)
Graduated college or university 776 (23.9) 362 (22.0) 414 (25.8)

Measured BMI (kg/m2) 28.2 ± 7.0 28.0 ± 6.2 28.4 ± 7.8 0.10
Measured waist circumference (cm) 94.5 ± 16.6 96.0 ± 15.8 93.0 ± 17.3 < 0.0001
Self-reported hypertension 394 (12.1) 213 (13.0) 181 (11.3) 0.14
Self-reported coronary heart disease 4 (0.12) 2 (0.12) 2 (0.12) 0.98
First-degree family history of diabetes 1161 (36.4) 539 (33.5) 622 (39.4) 0.0005
Participate in moderate PA 1561 (48.0) 781 (47.5) 780 (48.5) 0.56
Participate in vigorous PA 1274 (39.2) 778 (47.3) 496 (30.9) < 0.0001
Birthed a >9 lb. babye – – 106 (6.6) –
Self-reported diet healthfulness 0.19
Excellent 195 (6.0) 106 (6.5) 89 (5.5)
Very good 541 (16.7) 269 (16.4) 272 (16.9)
Good 1361 (41.9) 659 (40.1) 702 (43.7)
Fair 902 (27.8) 476 (29.0) 462 (26.5)
Poor 251 (7.7) 133 (8.1) 118 (7.3)

Ever smokerf 1206 (37.1) 726 (44.2) 480 (29.9) < 0.0001
Current smokerg 798 (24.6) 471 (28.7) 327 (20.4) 0.2

Note. NHANES 2005–2014. Data are mean ± SD or N (%). Actual sample sizes may differ due to missing data. Abbreviations: NHANES, National Health and
Nutrition Examination Survey; OGTT, oral glucose tolerance test; PA, physical activity.
a Exclusion criteria: pregnant, did not have OGTT results, or had been diagnosed with diabetes.
b Testing the differences between sexes using either χ2 or ANOVA.
c Prediabetes= fasting plasma glucose of 5.6–6.9mmol/L (100–125mg/dL) or two-hour plasma glucose of 7.8–11.0 mmol/L (140–199mg/dL) in the OGTT.
d Undiagnosed diabetes= fasting plasma glucose of ≥7.0mmol/L (≥126mg/dL) or two-hour plasma glucose of ≥11.1mmol/L (≥200mg/dL) in the OGTT.
e Delivered baby weight includes still and live births.
f Based on ≥100 cigarettes smoked in lifetime.
g Current cigarette smoking status only asked to those who answered ‘yes’ to the ≥100 cigarettes smoked question. Percentages represent proportion of current

cigarette smokers out of all participants who responded to the ≥100 cigarette smoked in lifetime question.
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model goodness-of-fit and is analogous to the Hosmer-Lemeshow test
(Austin and Steyerberg, 2014).

2.3.2. Score derivation & comparison to ADA diabetes risk test
Adjusted odds ratios (aOR) from each sex-specific final model were used

to assign a score to each variable category (score=[aOR−1]×100,
rounded to nearest integer). This method was chosen as it assigned a con-
tinuous risk score to each predictor category that was directly proportional
to its adjusted risk estimate. As well, it conferred a reduced risk of dysgly-
cemia when the aOR was<1 and an increased risk when the aOR was>1.
The cumulative score was the sum of those risk factor scores for each par-
ticipant. Subsequently, the effectiveness of these newly developed scores in

the assessment of dysglycemia risk were compared to the ADA Diabetes Risk
Test (DRT) (Bang et al., 2009).

The DRT employs the following categorical variables: age (< 40,
40–49, 50–59, and ≥60 years of age), sex (male, female), first-degree
family history of diabetes (yes, no), history of hypertension (yes, no),
obesity (not overweight, overweight, obese, extremely obese; based on
BMI and waist circumference), and physically active (yes, no).
Categorization of these variables was performed as previously described
(Bang et al., 2009). For the physically active variable, responses of
“yes” for either moderate or vigorous activity and “no” for both were
combined. The DRT was run once for each sex to determine its sex-
specific performance in young adulthood.

Table 2
Unadjusted odds ratios for identified risk factors of dysglycemia in males using participants 20–39 years of age in NHANES 2005–2014a.

Predictors Participants Prevalent dysglycemiab OR (95% CI) Likelihood ratio p-valuec

Age (years) < 0.0001
20–24 430 137 1.0
25–29 394 119 0.93 (0.69–1.24)
30–34 413 165 1.42 (1.07–1.89)
35–39 407 195 1.97 (1.49–2.61)

Race 0.007
White 669 243 1.0
Hispanic 495 208 1.27 (1.00–1.61)
Black 296 90 0.77 (0.57–1.03)
Other/multi-racial 184 75 1.21 (0.86–1.68)

Highest attained education 0.04
Less than high school 377 159 1.0
Graduated high school 430 170 0.90 (0.68–1.19)
Some college or university 475 168 0.75 (0.57–0.99)
Graduated college or university 362 119 0.67 (0.50–0.91)

Measured BMI group <0.0001
Not overweight (< 25 kg/m2) 562 162 1.0
Overweight (25–29.9 kg/m2) 580 199 1.29 (1.00–1.66)
Obese (≥30 kg/m2) 497 251 2.52 (1.96–3.25)

Measured waist circumference group < 0.0001
Low risk (< 94 cm) 802 227 1.0
Increased risk (94-101 cm) 331 138 1.81 (1.39–2.37)
Substantial risk (≥102 cm) 497 243 2.42 (1.92–3.06)

Self-reported hypertension 0.0008
No 1427 512 1.0
Yes 213 102 1.64 (1.23–2.19)

Self-reported coronary heart disease 0.7
No 1641 614 1.0
Yes 2 1 1.67 (0.10–26.8)

First-degree family history of diabetes 0.007
No 1072 373 1.0
Yes 539 225 1.34 (1.09–1.66)

Participate in moderate PA <0.0001
No 863 363 1.0
Yes 781 253 0.66 (0.54–0.81)

Participate in vigorous PA 0.0004
No 866 359 1.0
Yes 778 257 0.70 (0.57–0.85)

Self-reported diet healthfulness 0.002
Excellent 106 28 1.0
Very good 269 92 1.45 (0.88–2.39)
Good 659 241 1.61 (1.01–2.54)
Fair 476 210 2.20 (1.38–3.51)
Poor 133 45 1.42 (0.81–2.50)

Ever smokerd 0.4
No 917 352 1.0
Yes 726 264 0.92 (0.75–1.12)

Current smokere 0.18
No 255 101 1.0
Yes 471 163 0.81 (0.59–1.11)

Note. NHANES 2005–2014. Data for 1644 male participants. Actual sample sizes may differ due to missing data. Abbreviations: NHANES, National Health and
Nutrition Examination Survey; OGTT, oral glucose tolerance test; OR, odds ratio; CI, confidence interval; PA, physical activity.
a Exclusion criteria: did not have OGTT results or had been diagnosed with diabetes.
b Dysglycemia= fasting plasma glucose of ≥5.6mmol/L (≥100mg/dL) or two-hour plasma glucose of ≥7.8mmol/L (≥140mg/dL) in the OGTT.
c Likelihood ratios were calculated based on univariate analyses containing the predictor and outcome (OGTT).
d Based on ≥100 cigarettes smoked in lifetime.
e Current cigarette smoking status only asked to those who answered ‘yes’ to the ≥100 cigarettes smoked question.
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3. Results

3.1. Sample characteristics

Descriptive statistics for all participants, as well as males and females
separately, are provided in Table 1. Of the 3251 participants, 1644 were
male and 1607 were female. Participants were, on average, overweight and
white, with some college or university education. Based on the OGTT, most
of the participants were normoglycemic, while approximately 27.9% and
2.4% were prediabetic and diabetic, respectively.

3.2. Model development

The sex-stratified associations of all predictors and dysglycemia for
those 20–39 years of age are displayed in Tables 2 and 3. Due to low
prevalence for female participants, the odds ratio for self-reported
coronary heart disease could not be estimated reliably. Sex-specific
independent predictors of dysglycemia were chosen based on the like-
lihood ratio (p < 0.20).

After sex-specific stepwise functions were fit with the independent
predictors, the male model included measured BMI, age, race, and first-

Table 3
Unadjusted odds ratios for identified risk factors of dysglycemia in females using participants 20–39 years of age in NHANES 2005–2014a.

Predictors Participants Prevalent dysglycemiab OR (95% CI) Likelihood ratio p-valuec

Age (years) < 0.0001
20–24 402 52 1.0
25–29 371 75 1.71 (1.16–2.51)
30–34 425 115 2.50 (1.74–3.58)
35–39 409 127 3.03 (2.12–4.34)

Race 0.002
White 624 128 1.0
Hispanic 483 139 1.57 (1.19–2.07)
Black 325 60 0.88 (0.62–1.23)
Other/multi-racial 175 42 1.22 (0.82–1.82)

Highest attained education < 0.0001
Less than high school 301 96 1.0
Graduated high school 292 83 0.85 (0.60–1.21)
Some college or university 599 124 0.56 (0.41–0.76)
Graduated college or university 414 66 0.41 (0.28–0.58)

Measured BMI group <0.0001
Not overweight (< 25 kg/m2) 642 61 1.0
Overweight (25–29.9 kg/m2) 391 84 2.61 (1.82–3.73)
Obese (≥30 kg/m2) 567 222 6.13 (4.48–8.38)

Measured waist circumference group < 0.0001
Low risk (< 80 cm) 394 28 1.0
Increased risk (80-87 cm) 323 42 1.95 (1.18–3.23)
Substantial risk (≥88 cm) 870 296 6.74 (4.48–10.15)

Self-reported hypertension 0.0004
No 1424 307 1.0
Yes 181 61 1.85 (1.33–2.58)

First-degree family history of diabetes < 0.0001
No 956 177 1.0
Yes 622 183 1.84 (1.45–2.33)

Participate in moderate PA 0.09
No 827 204 1.0
Yes 780 165 0.82 (0.65–1.04)

Participate in vigorous PA <0.0001
No 1111 298 1.0
Yes 496 71 0.46 (0.34–0.61)

Delivered baby weightd < 0.0001
Nulliparous 477 83 1.0
Baby weight < 9 lb. 652 162 1.57 (1.17–2.11)
Baby weight ≥9 lb. 106 47 3.78 (2.41–5.93)
Missing 372 77 1.24 (0.88–1.75)

Self-reported diet healthfulness < 0.0001
Excellent 89 14 1.0
Very good 272 33 0.74 (0.38–1.46)
Good 702 157 1.54 (0.85–2.81)
Fair 426 119 2.08 (1.13–3.82)
Poor 118 46 3.42 (1.73–6.76)

Ever smokere 0.02
No 1126 240 1.0
Yes 480 129 1.36 (1.06–1.74)

Current smokerf 1.0
No 153 41 1.0
Yes 327 88 1.01 (0.65–1.55)

Note. NHANES 2005–2014. Data for 1607 female participants. Actual sample sizes may differ due to missing data. Abbreviations: NHANES, National Health and
Nutrition Examination Survey; OGTT, oral glucose tolerance test; OR, odds ratio; CI, confidence interval; PA, physical activity.
a Exclusion criteria: pregnant, did not have OGTT results, or had been diagnosed with diabetes.
b Dysglycemia= fasting plasma glucose of ≥5.6mmol/L (≥100mg/dL) or two-hour plasma glucose of ≥7.8mmol/L (≥140mg/dL) in the OGTT.
c Likelihood ratios were calculated based on univariate analyses containing the predictor and outcome (OGTT).
d Delivered baby weight includes still and live births.
e Based on ≥100 cigarettes smoked in lifetime.
f Current cigarette smoking status only asked to those who answered ‘yes’ to the ≥100 cigarettes smoked question.
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degree family history of diabetes. Though race and first-degree family
history of diabetes no longer statistically contributed to the model
(p=0.07 and p= 0.06, respectively), they were included into the final
male score because they increased its internal discrimination
(AUC=0.63 vs. 0.69) and calibration (data not shown). The female
model contained measured BMI, race, age, education, delivered baby
weight, first-degree family history of diabetes, vigorous physical ac-
tivity, and measured waist circumference. The final sex-specific multi-
variable logistic models are displayed in Table 4. The tool, which is
suitable for self-administration, is shown in Appendix Table 2, with a
score of ≥51 for males and ≥320 for females indicating a high risk of
having dysglycemia.

Black young adults (aged 20–39) displayed significantly reduced odds of
having dysglycemia (excluding diagnosed diabetes) compared to whites
based on the OGTT (Table 4; Appendix Table 3). The same trend was found
in older adulthood (aged≥40) and all adults (aged≥20) before adjustment
(Appendix Table 3). However, when glycated hemoglobin (HbA1c) was
employed alone or in conjunction with the OGTT to diagnose dysglycemia,
blacks became significantly more likely to have dysglycemia compared to
whites in all age groups (Appendix Table 3).

3.3. Model performance & comparison to ADA diabetes risk test

The number of responses and assigned scores for predictors included
in the DRT are displayed in Table 5. We compared the DRT model with

our sex-specific models based on their performance when run with
young adult males and females separately.

Pearson correlation coefficients between the DRT and our scores
were 0.71 for males and 0.76 for females (data not shown). Fig. 1A
demonstrates the discriminatory ability of the DRT when run with male
participants through an AUC of 0.61 (95% CI 0.58–0.64), while Fig. 1B
denotes poor internal calibration. Using the DRT, the respective sensi-
tivity and specificity for young adult males were 6.7% and 97.9% using
the established cut-point score of five (data not shown). On the other
hand, our male-specific model had a greater AUC of 0.69 (95% CI
0.66–0.71) (Fig. 1C) and displayed good model fitness (Fig. 1D). The
sensitivity and specificity of our male-specific model were 71.3% and
50.7%, respectively, at a cut-point score of 51 (data not shown).

When implemented for females, the DRT AUC increased to 0.71
(95% CI 0.68–0.73; Fig. 2A) and model fitness improved (Fig. 2B). The
respective sensitivity and specificity for young adult females were 2.8%
and 99.4% when using the DRT at a cut-point score of five (data not
shown). Our female-specific model also exhibited a higher dis-
criminatory ability (AUC=0.92 (95% CI 0.91–0.94); Fig. 2C) and
improved internal calibration, exemplified by a linear LOESS-based
calibration curve with thin confidence limits (Fig. 2D). For our female-
specific model, the sensitivity and specificity were 80.1% and 58.4%,
respectively, at a cut-point score of 320 (data not shown).

Notably, neither sex-specific risk score was significantly affected in
terms of internal discrimination or calibration when self-reported BMI

Table 4
Adjusted odds ratio estimates and risk scores for predictors of dysglycemia in young adults included in the final sex-specific regression modelsa,b.

Predictors Male Female

aOR (95% CI) Scorec aOR (95% CI) Scorec

Age (years)
20–24 1.0 0 1.0 0
25–29 0.92 (0.67–1.24) −9 2.00 (1.31–3.11) 101
30–34 1.30 (0.97–1.75) 30 2.36 (1.56–3.61) 136
35–39 1.72 (1.28–2.31) 72 2.95 (1.94–4.55) 195

Race
White 1.0 0 1.0 0
Hispanic 1.25 (0.98–1.61) 25 1.24 (0.89–1.72) 24
Black 0.71 (0.52–0.96) −29 0.55 (0.37–0.80) −45
Other/multi-racial 1.41 (1.00–2.00) 41 2.89 (1.77–4.72) 189

Measured body mass index
Not overweight (< 25 kg/m2) 1.0 0 1.0 0
Overweight (25–29.9 kg/m2) 1.20 (0.92–1.55) 20 1.47 (0.87–2.49) 47
Obese (≥30 kg/m2) 2.29 (1.76–3.01) 129 3.04 (1.73–5.42) 204

First-degree family history of diabetes
No 1.0 0 1.0 0
Yes 1.21 (0.97–1.51) 21 1.39 (1.07–1.82) 39

Measured waist circumference group
Low risk (< 80 cm) – – 1.0 0
Increased risk (80-87 cm) – – 1.77 (1.00–3.17) 77
Substantial risk (≥88 cm) – – 3.27 (1.68–6.44) 227

Highest attained education
Less than high school – – 1.0 0
Graduated high school – – 1.13 (0.76–1.70) 13
Some college or university – – 0.72 (0.50–1.04) −28
Graduated college or university – – 0.61 (0.39–0.94) −39

Participation in vigorous PA
No – – 1.0 0
Yes – – 0.63 (0.45–0.86) −37

Delivered baby weightd

Nulliparous – – 1.0 0
Baby weight < 9 lb. – – 0.73 (0.51–1.05) −27
Baby weight ≥9 lb. – – 1.62 (0.96–2.73) 62
Missing – – 0.64 (0.42–0.95) −37

Note. NHANES 2005–2014. Data for 1607 males and 1558 females. Participants with any missing data were excluded. Abbreviations: NHANES, National Health and
Nutrition Examination Survey; aOR, adjusted odds ratio; CI, confidence interval; PA, physical activity.
a All these factors were included simultaneously in the model.
b Exclusion criteria: pregnant, did not have OGTT results, or had been diagnosed with diabetes.
c Scores= (aOR−1) ∗ 100, rounded to nearest integer.
d Delivered baby weight includes still and live births.
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values were input as responses rather than measured BMI values (data
not shown). Using the same cut-point scores as above, self-reported BMI
did not affect the sensitivity and specificity of either the male- (72.6%
and 48.2%) or female-specific (79.6% and 57.6%) models (data not
shown).

3.4. Missing data

Thirty-seven (2.3%) males and 49 (3.1%) females were excluded
from our final sex-specific models due to missing data, mostly for the
family history of diabetes variable (33/37 and 29/49, respectively).
Excluded males were more likely to report worse diets, while excluded
females were more likely to be other/multi-racial; no other significant
differences were found (data not shown). Inclusion of participants with
missing data did not significantly alter the internal discrimination or
calibration of either sex-specific model (data not shown).

4. Discussion

Altogether, our study found that important predictors of dysgly-
cemia development in young adulthood were age, race, BMI, and first-
degree family history of diabetes for males and, in addition to those,
waist circumference, education, vigorous physical activity, and deliv-
ered baby weight for females. Employing these predictors, our male-
and female-specific risk models displayed varying discriminatory abil-
ities (AUCs of 0.69 and 0.92, respectively), but high goodness-of-fit. In
comparison, the widely-used DRT did not perform well in this age-
group, with lower discrimination (males, 0.61; females, 0.71) and
goodness-of-fit than our models. These findings indicate that it is ne-
cessary to account for age when using survey data to assess the risk of
current dysglycemia, though this approach works better for females

than males.
We found obesity, based on either measured BMI or waist cir-

cumference, to be the strongest predictor of dysglycemia presence in
both male (OR=2.52 and OR=2.42, respectively) and female young
adults (OR=6.13 and OR=6.74, respectively). Yet, after adjustment
for BMI, waist circumference was only predictive of dysglycemia pre-
sence in females. Similarly, waist circumference change was associated
independently of BMI change to diabetes development in Japanese fe-
males with large waist circumference, but not males (Tatsumi et al.,
2015). BMI and waist circumference also differ more between non-
diabetic and diabetic females than males (Wannamethee et al., 2012),
suggesting a greater impact to diabetes development in females. Thus,
we believe both measures of adiposity are important in a female-spe-
cific model. Though few published diabetes risk scores include both,
this may be due to being developed for both sexes. Further, our results
suggest black young and older adults have lower odds of having dys-
glycemia (excluding diagnosed diabetes) compared to whites when
defined by FPG alone, 2h-PG alone, or OGTT. Based on FPG alone,
blacks were also found to be less likely to have prediabetes in the
NHANES (Cowie et al., 2006), though based on HbA1c (employed alone
or with the OGTT), blacks were more likely to have prediabetes and
undiagnosed diabetes compared to whites (Cowie et al., 2010;
Marcinkevage et al., 2013; Menke et al., 2015). Indeed, when dysgly-
cemia was defined by HbA1c or HbA1c and OGTT, we found that blacks
were at higher risk than whites; nonetheless, these results are mis-
leading. Baseline HbA1c is known to be higher in blacks than whites
(Chalew and Hamdan, 2018; Dagogo-Jack, 2010; Herman and Cohen,
2012; Ziemer et al., 2010), resulting in an over-estimation of the pre-
valence of dysglycemia in the black population (Ziemer et al., 2010).
Some advise against using HbA1c altogether, especially for non-

Table 5
Number of responses stratified by sex and assigned risk scores for predictors
included in the American Diabetes Association Diabetes Risk Test.

Predictors Male Female Scorea

Age (years)
< 40 1605 (100) 1572 (100) 0
40–49 – – 1
50–59 – – 2
≥60 – – 3

Sex
Female – 1572 (100) 0
Male 1605 (100) – 1

First-degree family history of diabetes
No 1068 (66.5) 953 (60.6) 0
Yes 537 (33.5) 619 (39.4) 1

History of hypertensionb

No 1298 (80.9) 1365 (86.8) 0
Yes 307 (19.1) 207 (13.2) 1

Obesityc

Not overweight or obese 540 (33.6) 383 (24.4) 0
Overweight 504 (31.4) 319 (20.3) 1
Obese 475 (29.6) 736 (46.8) 2
Extremely obese 86 (5.4) 134 (8.5) 3

Physically actived

No 543 (33.8) 663 (42.2) 0
Yes 1062 (66.2) 909 (57.8) −1

Note. NHANES 2005–2014. N=3177. Data are N (%). Participants with any
missing data were excluded. Abbreviations: NHANES, National Health and
Nutrition Examination Survey.
a Scores from Bang et al. (2009).
b History of hypertension was based on hypertension diagnosis and/or

medication, four systolic blood pressure readings ≥140mmHg, and four dia-
stolic blood pressure readings ≥90mmHg.
c Obesity was based on measured waist circumference in sex-specific cate-

gories and measured BMI.
d Physically active was based on participation in moderate and/or vigorous

physical activity.

Fig. 1. Model performance of the American Diabetes Association Diabetes Risk
Test (DRT) run with young adult, male participants (A, B) compared to our
male-specific (C, D) risk score optimized for this age-group. Receiver-operating
characteristics (A, C), which test the internal discrimination of the model be-
tween true positive and true negative states, and LOESS-based calibration
curves (B, D), which test the internal calibration of the model between observed
and expected probabilities of suffering with dysglycemia, are displayed. Areas
under the receiver-operating curve (AUC) were calculated with 95% confidence
limits. Models were validated on NHANES 2005–2014.
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Caucasians (Dagogo-Jack, 2010). Thus, we retained the OGTT defini-
tion and created sex-specific risk scores to assess young adult dysgly-
cemia risk.

Several risk scores have been previously developed to predict dysgly-
cemia presence in clinical practice. When run using the same dataset used to
create the respective model, the DRT had an AUC of 0.79 (cut-point of five:
sensitivity, 0.82; specificity, 0.63) (Bang et al., 2009), Canadian Diabetes
Risk Questionnaire (CANRISK) had an AUC of 0.75 (cut-point of 29: sen-
sitivity, 0.80; specificity, 0.55) (Robinson et al., 2011), and Finnish Diabetes
Risk Score (FINDRISC) had an AUC of 0.85 (cut-point of nine: sensitivity,
0.78; specificity, 0.77) (Lindström and Tuomilehto, 2003). The CANRISK
and FINDRISC studies employed the World Health Organization dysgly-
cemia definitions (Lindström and Tuomilehto, 2003; Robinson et al., 2011),
while the DRT used the ADA guidelines (Bang et al., 2009). Our sex-specific
models fared well in comparison, with our female-specific score out-
performing and our male-specific score slightly underperforming in terms of
AUC measures when trained and validated on the same dataset. However,
none of these risk scores produced sex-specific risk scores, even though sex
disparities in dysglycemia development and its risk factors exist (Kautzky-
Willer et al., 2016). Studies have found that a positive FINDRISC test is more
often accurate for males than females due to these sex-differences (Jølle
et al., 2016; Saaristo et al., 2005; Zhang et al., 2014). Similarly, a positive
FINDRISC test was found to be more accurate for older adults than young
adults (Jølle et al., 2016; Saaristo et al., 2005; Zhang et al., 2014). To de-
termine if the DRT is likewise affected by age and sex, we established its
performance compared with our sex-specific models when male and female
young adults were tested separately.

Despite the strong positive correlation between our risk scores and
the DRT (male models, ρ= 0.71; female models, ρ= 0.76), both of our
male- and female-specific risk models displayed better discriminatory

abilities (0.69 vs. 0.61; 0.92 vs. 0.71, respectively) and goodness-of-fit.
Due to being developed with older populations in mind, age re-
presented one-third of the DRT's maximum risk score. Thus, the DRT
cut-point of five was inappropriate in this demographic as the max-
imum scores young adult females and males could receive were six and
five, respectively. As a result, our models demonstrated better sensi-
tivity compared to the DRT (male models, 71.3% vs. 6.7%; female
models, 80.1% vs. 2.8%), but low specificity overall (male models,
50.7% vs. 97.9%; female models, 58.4% vs. 99.4%). Nevertheless, since
being identified at high risk for dysglycemia has few negative re-
percussions regardless of true health status (lifestyle changes and
seeking medical consultation), a lower specificity is arguably less im-
portant than a high sensitivity. Finally, both our risk score and the DRT
demonstrated poorer discrimination for males compared to females,
which has been shown previously in other models (Balkau et al., 2008;
Saaristo et al., 2005; Zhang et al., 2014). As well, nearly all the risk
factors studied, both those subjective and objective, were more pre-
dictive of dysglycemia status in females based on univariate analyses.
This could not be explained by sex differences in FPG or 2hPG dis-
tributions, self-report bias, heterogeneity in pathology, age of onset, or
demographics. More work must be done to identify important pre-
dictors of dysglycemia status in young adult males.

4.1. Study limitations and strengths

Firstly, an important limitation of our study is the lack of external
validation. Unfortunately, we were unable to find a comparable US
dataset which combined both self-reported and measured health vari-
ables. Secondly, we found that participants excluded from our study
differed from those included in terms of some demographic and an-
thropometric factors, though were similarly distributed between mea-
sured BMI and age groups. These differences may affect the models'
generalizability. As well, we excluded participants with missing data
from the final model, which can generate selection bias and influence
model building and performance. However, the model performance did
not suffer when participants with missing data were included in the
final model and there was a low proportion of missing data, suggesting
the overall effect of this bias on the model building procedures may be
negligible. Thirdly, it is important to note that due to a largely white
sample, these risk scores may not perform well in other populations
where the ethnic majority is not Caucasian. Further, BMI and waist
circumference groupings employed were based on Caucasian popula-
tions and may poorly define obesity for other races. Finally, the use of
different definitions of dysglycemia may be affecting model building
and performance and should be studied. Current definitions were de-
veloped in older populations and must be revised to determine their
validity in young adulthood (Nadeau et al., 2016). Limitations not-
withstanding, the NHANES is a well-established survey of a re-
presentative US sample. Its continuous data collection of objective
health data lends itself to studying unfolding public health issues and is
therefore well-suited for risk score development. To our knowledge,
this is the first study to optimize a dysglycemia risk score for young
adulthood in a sex-specific manner.

4.2. Conclusions

Current diabetes risk scores were developed in older populations
and have to be revised to increase their validity in young adulthood.
This study shows that age- and sex-specific risk scores improve dys-
glycemia status prediction in young adulthood, particularly in females.
However, our findings do not demonstrate unequivocally that our al-
gorithm is superior to the widely-used ADA test. We recommend that
our algorithm be applied to other datasets of young adults to evaluate
whether our findings are generalizable to other populations. Further,
more work must be done to determine predictors of dysglycemia status
in young adult males and on stratifying model development by

Fig. 2. Model performance of the American Diabetes Association Diabetes Risk
Test (DRT) run with young adult, female participants (A, B) compared to our
female-specific (C, D) risk score optimized for this age-group. Receiver-oper-
ating characteristics (A, C), which test the internal discrimination of the model
between true positive and true negative states, and LOESS-based calibration
curves (B, D), which test the internal calibration of the model between observed
and expected probabilities of suffering with dysglycemia, are displayed. Areas
under the receiver-operating curve (AUC) were calculated with 95% confidence
limits. Models were validated on NHANES 2005–2014.

S.A. Srugo et al. Preventive Medicine 120 (2019) 50–59

57



ethnicity, given that waist circumference (Park et al., 2008), BMI
(Mainous et al., 2007), and family history of diabetes (Mainous et al.,
2007) show race-dependent associations with diabetes development in
young adulthood.
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