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Abstract

While recently performed genome-wide association studies have advanced the identification of
genetic variants predisposing to type 2 diabetes (T2D), the potential application of these novel
findings for disease prediction and prevention has not been well studied. Diabetes prediction and
prevention have become urgent issues owing to the rapidly increasing prevalence of diabetes and its
associated mortality, morbidity, and health care cost. New prediction approaches using genetic
markers could facilitate early identification of high risk sub-groups of the population so that
appropriate prevention methods could be effectively applied to delay, or even prevent, disease
onset.

This paper assessed 18 recently identified T2D loci for their potential role in diabetes prediction.
We built a new predictive genetic test for T2D using the Framingham Heart Study dataset. Using
logistic regression and 15 additional loci, the new test was slightly improved over the existing test
using just three loci. A formal comparison between the two tests suggests no significant
improvement. We further formed a predictive genetic test for identifying early onset T2D and
found higher classification accuracy for this test, not only indicating that these 18 loci have great
potential for predicting early onset T2D, but also suggesting that they may play important roles in
causing early-onset T2D.

To further improve the test’s accuracy, we applied a newly developed nonparametric method
capable of capturing high order interactions to the data, but it did not outperform a logistic
regression that only considers single-locus effects. This could be explained by the absence of gene-
gene interactions among the 18 loci.
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Background
Diabetes mellitus has become one of the major global
health issues in the twenty-first century. In the past few
decades, the incidence of diabetes has risen rapidly.
Owing to its dramatically increased prevalence and
associated high morbidity, mortality, and health care
cost, early detection and prevention of diabetes have
become critical. The most common form of diabetes is
type 2 diabetes (T2D), which accounts for over 90% of
all cases of diabetes. Although no established cure has
been found for T2D, there is evidence that the progress
of T2D can be largely prevented through exercise and
diet control. In a large-scale study conducted in the
United States, lifestyle intervention (i.e., diet control and
exercise) has been shown to reduce the risk of T2D by
58% among high-risk individuals over 3 years [1].

Detecting T2D at its earliest stage is the key to more
effectively applying lifestyle intervention to reduce
morbidity and mortality. Recent research has focused
on the genetic prediction of T2D (i.e., using a predictive
genetic test). A predictive genetic test, which uses genetic
markers (e.g., single-nucleotide polymorphisms, or
SNPs) to predict an individual’s future risk of disease,
can be conducted early in life (e.g., at birth) and thus
form one of the most appealing early disease prediction
methods. Based on three widely replicated genetic
variants, rs5219 (Glu23Lys) of KCNJ11, rs1801282
(Pro12Ala) of PPARG, and rs7903146 of TCF7L2,
Weedon et al. [2] formed one of the earliest predictive
genetic tests for T2D. Although the classification accuracy
of the test, as measured by the area under the receiver
operating characteristic (ROC) curve (AUC), is relatively
low (0.58), this is an important step toward a successful
predictive genetic test for T2D. With the current extensive
genetic research in T2D, especially with the completion
of multiple genome-wide association studies (GWAS),
the number of confirmed genetic loci for T2D has been
significantly increased. Recently, in the Tayside popula-
tion of Scotland, Lango et al. [3] combined 18 T2D loci
to form the most up-to-date predictive genetic test and
found that the performance of the test was slightly
improved (AUC = 0.6). A similar 18-locus test (AUC =
0.6) was also formed by another study conducted in a
Rotterdam suburb population [4]. This latter study
suggested a significant improvement of the new test
(95% CI of the AUC is 0.57-0.63) over that of the three-
locus test (95% CI of the AUC is 0.5-0.55). It should be
noted that the estimated classification accuracy of the
three-locus test obtained in the Rotterdam suburb
population is lower than that in the other studies [2,3].
If we use the result from Weedon et al. (i.e., AUC = 0.58)
instead of the one from the Rotterdam suburb popula-
tion for the three-locus test, then the improvement is not
significant.

We selected 18 T2D SNPs from the Framingham Heart
Study (FHS), among which 11 are the same and 7 have
alleles in high linkage disequilibrium with the 7 other
SNPs used in Lango et al.’s study. We combined these 18
SNPs to form a new predictive genetic test, and
compared it with the previous three-marker test [2]
through hypothesis testing to determine whether it is a
significant improvement in the FHS data. Two methods
were used to form the test: one was logistic regression,
only considering marginal single locus effects, and the
other was our newly developed nonparametric method
[5], which has the ability to capture high-order interac-
tions. Based on these 18 T2D SNPs, we also investigated
genetic tests for predicting early- and late-onset T2D,
because previous evidence has suggested an important
genetic influence on early-onset T2D, but a high-
phenocopy rate for late-onset T2D [6].

Methods
Logistic regression vs. optimal robust ROC curve method
We used both logistic regression (implemented as a
generalized linear model with a logit link) and a newly
developed nonparametric method [5] to build the T2D
predictive genetic test. Logistic regression is the most
commonly used method for predictive genetic tests and
has been used in the previous two studies [3,4] to
evaluate the classification accuracy of the 18-locus test.
In our logistic regression analysis, we adopted a model
similar to that used by Lango et al. [3], which considers
only single-locus effects:

logitμ α β= +
=
∑ i i

i

p

x
1

, (1)

where bi is the regression coefficient for the ith genetic
variable and μ is the probability of an individual
developing T2D. Since, as indicated by Lango et al. [3],
all the variants appear to follow an additive model, here
we coded each genetic variant as additive instead of
using two indicator variables for the three genotypes.
Based on the fitted model, we formed the ROC curve and
estimated the AUC. The logistic regression analysis was
conducted using the glm function in the statistical
package R.

The above logistic regression does not take into account
any interaction effect, and may result in a low
performance if there is a strong interaction effect.
Alternatively, we can fit a logistic regression with
interaction effects. However, for 18 loci a logistic
regression model with all two-way interactions requires
171 parameters and fitting a model with such a large
number of parameters will lead to biased estimates and
an inflated type 1 error rate [7]. Unlike logistic
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regression, nonparametric methods have the feature of
avoiding the issue of an increasing number of para-
meters, and thus have an advantage for identifying high
order interactions. We recently developed a nonpara-
metric method of combining multiple genetic variants
for disease prediction [5]. The new method, named the
optimal robust ROC curve method, was developed based
on the optimality theory of the likelihood ratio. Such a
theory simply shows that the ROC curve based on the
likelihood ratio has maximum performance at each
cutoff point and that the AUC so obtained is the highest
among those of all approaches [8,9]. We incorporated a
backward-clustering algorithm into the method. The
backward-clustering algorithm automatically approaches
the marker’s disease model (i.e., mode of inheritance
including interactions), eliminating the “noise” markers,
and thus makes the approach robust to a variety of
underlying disease models. The new method is imple-
mented using the R program we developed.

Hypothesis testing

In Lango et al.’s study [3], the test based on 18 loci was
found to have a slightly higher AUC than the previous
three-marker test. Using the FHS dataset, we investigated
whether the new test built on 18 loci had a significant
improvement. To compare the accuracy of the new test (A)
with that of the previous three-marker test (A0), we set up a
hypothesis of interest (H0 : A = A0) and constructed an
appropriate test statistic to test the hypothesis:

ˆ

var( ˆ )
.

A A

A

− 0 (2)

Under the null hypothesis, this test statistic follows a
standard normal distribution in a large sample. The
variance of the estimated AUC, Â , can be calculated as

var( )
var var

,A D
nD

D
nD

= + (3)

where nD and nD are respectively the numbers of the
disease and non-disease subjects, varD and varD and are

simple functions of the sensitivity and specificity from
the ROC curve [9].

Results
We included 252 unrelated diabetes cases from the 252
diabetes families (i.e., the maximum number of unre-
lated cases), and 979 unrelated controls, one from each
of the remaining families. Diabetes cases with age of
diabetes onset less than 40 years were excluded from the
study to eliminate patients with possible type 1 diabetes.
We took the 18 loci used in Lango et al’s study; we
extracted 11 SNPs from the 500 k GWAS dataset and the
50 k candidate-gene dataset, and replaced the remaining
seven SNPs that were absent from either dataset with
existing SNPs that were in strong linkage disequilibrium
with the SNPs used in Lango et al.’s study (Table 1).

Based on these 18 loci, we constructed predictive genetic
tests using both the additive logistic regression model and
the robust optimal ROC curve approach. The performance
of the predictive genetic test from logistic regression
(AUC = 0.606) was slightly better than that from the robust
optimal ROC curve method (AUC = 0.596) (Figure 1).
If we treat the test obtained from logistic regression as our
proposed test, then the proposed test had a slightly higher
classification accuracy than the previous three-marker
test (AUC = 0.58) [2], though the improvement was not
significant (p-value = 0.25). We also compared the
discriminative ability of our test with that from Lango et
al. [3] by using the test statistics introduced in the Methods
section and setting A0 equal to 0.6 (i.e., the discriminative
ability obtained by Lango et al.); in the FHS no strong
evidence was found to suggest a difference of classification
accuracy between the two tests (p-value = 0.44).

There is evidence that genetic variants might play
important roles in causing early-onset T2D [6]. Similar
to a previous study [10], we chose 50 years as the cutoff
for early- and late-onset T2D. By using the same logistic
regression model, we formed two predictive genetic tests
to investigate the impact of these 18 genetic variants
separately on early- and late-onset T2D. The first test was
built to discriminate between patients with T2D onset at

Table 1: Summary of the seven original SNPs from Lango et al. [3] for which seven other SNPs were substituted in our study

Gene/region Original SNP Substituted SNP LD

RS number MAF RS number MAF D′ R2

TCF7L2 rs7903146 0.30 rs4132670 0.30 1.00 0.92
KCNJ11 rs5219 0.36 Rs5215 0.33 1.00 0.99
SLC30A8 rs13266634 0.30 rs11558471 0.39 1.00 0.95
CDC123 rs12779790 0.20 rs7069060 0.23 1.00 0.63
WFS1 rs10010131 0.40 rs10012946 0.42 1.00 1.00
TCF2 rs757210 0.37 rs2107131 0.36 0.57 0.11
HHEX-IDE rs1111875 0.38 rs5015480 0.44 1.00 1.00
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less than 50 years old from the rest of the T2D patients
and healthy individuals, and the second test was built to
discriminate between patients with T2D onset at greater
than or equal to 50 years old from the rest of the T2D
patients and healthy individuals. The AUC of the former
test was 0.683, which is significantly higher than the
AUC of the proposed T2D test; and the AUC of the latter
predictive genetic test was 0.616. To estimate the
predictive values, we created a dataset by randomly
selecting one individual from each family without
knowing case status, and then applied the proposed
T2D test to all 1231 individuals to assign each individual
a risk score. For ease of interpretation, we grouped all
individuals into three risk subgroups (i.e., low risk,
medium risk, and high risk) based on the tertiles of their
risk scores. For each risk subgroup, we estimated the
positive predictive values by calculating the proportion
of individuals within the subgroup having T2D. For
individuals with low risk, medium risk, and high risk
genotype profiles, their chance of developing T2D was
found to be 7.48%, 7.60%, and 17.13%, respectively.
The same strategy was also applied to the test for
determining early-onset T2D, and the chance of devel-
oping early-onset T2D for the three risk subgroups was
0.38%, 1.96%, and 3.59%, respectively.

Discussion
Ongoing GWAS provide a powerful approach to
uncovering common unknown genetic variants causing
complex diseases. The discovered genetic variants,
together with previous findings, not only improve our
understanding of the genetic etiology of common
complex diseases, but also may create new opportunities
to improve health care by making early disease predic-
tion possible.

In this study, we combined 18 loci to form a predictive
genetic test for T2D from FHS data. Our findings were
consistent with previous studies that suggested a limited
improvement of the test by incorporating an additional
15 loci into the previous test based on three loci. That
this success was limited can be attributed to at least two
causes. First, the currently discovered genetic variants
only explain a small proportion of the genetic contribu-
tion to T2D [11]. Second, as we previously suggested [9],
environmental risk factors (e.g., diet) and gene-environ-
mental interactions may play important roles in causing
T2D. We were unable to investigate these effects in this
FHS dataset because environmental risk factors were not
available. In the future, by incorporating additional
genetic variants, environmental risk factors, and their

Figure 1
ROC curves for T2D tests, and for early and late onset T2D tests. The dashed and solid lines on the left panel
correspond to the ROC curves of T2D tests built by the additive logistic regression model (AUC = 0.606) and the robust
optimal ROC curve method (AUC = 0.596). In the right panel, dashed lines correspond to the ROC curves for tests to detect
early-onset T2D (AUC = 0.683); solid lines correspond to the ROC curves for tests to detect late-onset T2D (AUC = 0.616).
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interaction effects, we could gradually improve the
classification accuracy of the T2D test, and this may
eventually lead to a clinically useful test.

We found the 18 loci predisposing to T2D had substan-
tially better ability to detect patients with early-onset T2D
than to detect patients with late-onset T2D. This result,
although still preliminary, suggests a promising predictive
genetic test for early-onset T2D. Our result also confirms a
previous hypothesis suggesting there is a major genetic
influence on early-onset T2D, but that joint effects of
environmental and genetic risk factors influence on late-
onset T2D.

In additional to logistic regression, we also applied our
newly developed optimal robust ROC curve method in
this study. Although, in this specific case, there seemed
to be no additional accuracy in using the optimal robust
ROC curve method, the new method may potentially
increase a test’s performance in other scenarios in which
there is gene-gene interaction. Thus, depending on the
nature of the disease etiology, an appropriate method
could be chosen. For a simple scenario involving a
relatively small number of loci with no gene-gene
interaction expected, logistic regression would be pre-
ferred. When there is a large number of loci with high
order interactions, the optimal robust ROC curve
method should be applied instead.

Conclusion
Using the FHS dataset, we found little increase in
discriminative ability as a result of combining 15
additional T2D loci discovered from the recent GWAS,
together with three already known loci, to form a
predictive genetic test. Although the currently identified
T2D loci do not have sufficient power for predicting
T2D, they may have a larger impact on early-onset T2D,
and hence could be used to predict early-onset T2D.
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