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a b s t r a c t

Purpose: Moderate alcohol consumption is associated with a reduced type 2 diabetes risk, but the
biomarkers that explain this relation are unknown. The most commonly used method to estimate the
proportion explained by a biomarker is the difference method. However, influence of alcoholebiomarker
interaction on its results is unclear. G-estimation method is proposed to accurately assess proportion
explained, but how this method compares with the difference method is unknown.
Methods: In a caseecohort study of 2498 controls and 919 incident diabetes cases, we estimated the
proportion explained by different biomarkers on the relation between alcohol consumption and diabetes
using the difference method and sequential G-estimation method.
Results: Using the difference method, high-density lipoprotein cholesterol explained the relation
between alcohol and diabetes by 78% (95% confidence interval [CI], 41e243), whereas high-sensitivity
C-reactive protein (�7.5%; �36.4 to 1.8) or blood pressure (�6.9; �26.3 to �0.6) did not explain the
relation. Interaction between alcohol and liver enzymes led to bias in proportion explained with different
outcomes for different levels of liver enzymes. G-estimation method showed comparable results, but
proportions explained were lower.
Conclusions: The relation between alcohol consumption and diabetes may be largely explained by
increased high-density lipoprotein cholesterol but not by other biomarkers. Ignoring exposureemediator
interactions may result in bias. The difference and G-estimation methods provide similar results.

� 2013 Elsevier Inc. All rights reserved.

Introduction

Moderate alcohol consumption is consistently associated with
a reduced risk of type 2 diabetes [1]. Short-term intervention studies
have shown that moderate alcohol consumption improves blood
lipid profiles and insulin sensitivity and reduces inflammatory
factors [2e5]. These biomarkers might explain the inverse associa-
tion between moderate alcohol consumption and risk of diabetes.
One study has investigated to what extent different biomarkers
mediate the effects of alcohol consumption on diabetes [6]. This
study showed that inflammatory factors, endothelial dysfunction,
and fasting insulin did not explain the relation between alcohol
consumption and diabetes, whereas adiponectin concentrations

explained about 25% of this relation. These results suggest that other
mechanisms like blood lipid profile could be involved.

Like most epidemiologic studies, the study by Beulens et al. [6]
used logistic regression to estimate the proportion explained by
biomarkers by means of a method called the difference method. In
this method, adiponectin is simply added to the model regressing
outcome on exposure. Hence, two regression coefficients of the
exposureeoutcome relation are estimated, that is, one with and one
without including the biomarker in the regression model. The (rela-
tive) difference between the estimated regression coefficients of the
exposureeoutcome relation based on the models with and without
the biomarker included indicates to what extent the association is
mediated by that biomarker. Studies have shown that omitting
interaction between exposure and mediators in this analysis may
yield biased estimates [7e9]. However, it is uncommon to evaluate
such interactions, and the impact of omitting exposureemediator
interaction from the model is typically unknown.

In addition, G-estimation models [9,10] have been proposed to
accurately assess the proportion explained. These models can be
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applied to validly estimate controlled direct and indirect effects,
that is, direct effects of the exposure on the outcome and indirect
effects through mediators while fixing (or controlling) the value of
the mediator [8e11]. How this method compares with the most
commonly used difference method in empirical data is not exten-
sively studied.

In this study, we will therefore investigate the biomarkers that
explain the relation between alcohol consumption and risk of dia-
betes and evaluate the impact of exposureemediator interaction
using the difference method. Additionally, we will apply sequential
G-estimation method to compare its results with the difference
method. We have included biomarkers that have previously been
associated with alcohol consumption: blood lipid profile [12], high-
sensitivity C-reactive protein (hsCRP) [12], liver enzymes [13,14],
and blood pressure [15].

Materials and methods

Design and study population

EPIC-NL comprises the two Dutch contributions to the European
Prospective Investigation into Cancer and Nutrition (EPIC) study:
Prospect-EPIC and MORGEN-EPIC set up simultaneously in
1993e1997. Its design and rationale are described elsewhere [16].
The Prospect-EPIC study includes 17,357 women, aged 49e70 years
at baseline, who participated in the national breast cancer
screening program and were living in the city of Utrecht and its
surroundings [17]. The MORGEN-EPIC cohort consists of 22,654
men and women aged 21e64 years selected from random samples
of the Dutch population in three towns in the Netherlands
(Amsterdam, Doetinchem, and Maastricht). All participants gave
written informed consent. The study complied with the Declaration
of Helsinki and was approved by the local ethical committees.

A 6.5% random sample of the baseline cohort was taken for the
measurement of biomarkers, using the efficient caseecohort de-
sign. This study is performed using the baseline random sample
(n ¼ 2604) and all incident cases of type 2 diabetes (n ¼ 924; of
which 79 were included in the random sample). After exclusion
of prevalent diabetes cases (n ¼ 43), individuals with missing
alcohol consumption (n ¼ 10) or follow-up information (n ¼ 58),
2419 controls from the random sample, and 919 incident diabetes
cases were used for the analysis.

Assessment of alcohol intake, type 2 diabetes, mediators, and other
covariates

At baseline, participants filled in a general questionnaire and
food frequency questionnaire. Alcohol consumption was assessed
by the general questionnaire and the food frequency questionnaire.
Details and validity of this assessment have been described else-
where [18,19]. The occurrence of diabetes during follow-up was
ascertained mainly through self-report via follow-up question-
naires, a urine dipstick test, and linkage to a hospital discharge
diagnoses registry. Follow-up was completed until January 1, 2006.
Potential diabetes cases were verified against medical or pharmacy
records, and 72% of these cases were verified as type 2 diabetes and
used for the analysis [20].

At baseline, blood samples were drawn and stored for future use.
HbA1c, blood lipid profile (total cholesterol, high-density lipoprotein
[HDL] and low-density lipoprotein [LDL] cholesterol, and triglycer-
ides), hsCRP, and liver enzymes (aspartate aminotransferase [AST],
alanine aminotransferase [ALT], and g-glutamyl transferase [GGT])
were assessed in the random sample and in all incident cases of type
2 diabetes as previously described [16].

Other covariates were obtained from the general questionnaire. At
baseline, bodyweight, height, andwaist and hip circumferenceswere
measured. Physical activity was assessed using a questionnaire, and
the Cambridge Physical Activity Index was used to categorize
participants as follows: inactive, moderately inactive, moderately
active, and active [21]. Becausewe could not calculate a total physical
activity score for 14% of all participants, we imputed missing scores
by single imputation using linear regression modeling (SPSS MVA
procedure; SPSS, Inc., Chicago, IL) with other lifestyle factors (e.g.,
smoking and body mass index [BMI]) and the outcome (type 2 dia-
betes). In the Prospect-EPIC study, systolic and diastolic blood pres-
sures (DBPs) were measured twice by a trained observer with an
automated and calibrated Oscillomat (Bosch & Son, Jungingen,
Germany) in supine position, and the mean was calculated. In the
MORGEN-EPIC study, the measurement of systolic and DBPs was
performed twice by a trained observer using a Random Zero Sphyg-
momanometer in supine position, and the mean was calculated.

Statistical analyses

Missing data for general covariates were lower than 5%. Formost
biomarkers, missing data were approximately 6%, except for hsCRP
(12.0%) and HDL and LDL cholesterol (8.5%). We used single
imputation modeling to impute these missing data (SPSS MVA
procedure; SPSS, Inc., Chicago, IL).

Using backward selection (based on the Akaike information
criterion), we selected covariates for adjustment. All models were
adjusted for the following covariates: age, sex, BMI, smoking status,
educational status, family history of diabetes, and energy and fat
intake. We only evaluated mediation effects for those potential
mediators that were related to alcohol intake in a linear regression:
ALT, AST, GGT, hsCRP (log transformed because of deviation from
the normal distribution), triglycerides, HDL cholesterol, DBP, and
HbA1c. We estimated the effect of these potential mediators on the
association between alcohol consumption and diabetes cumulative
incidence using logistic regression (primary end point, dichoto-
mous). Alcohol consumption was modeled linearly per 10-g incre-
ment. We investigated whether a significant deviation from the
linear model was present by including the quadratic term of alcohol
consumption. Because this term was not significant (P ¼ .57),
alcohol consumption was modeled linearly per 10-g increment
in all further analyses. We further investigated whether an inter-
action between alcohol consumption and gender was present by
including the interaction term. As this did not suggest a differential
effect (P¼ .19), men andwomenwere combined in further analyses.

Mediation effects were estimated using two different approaches.
In the first approach, two regression models were fitted: (1) a model
inwhich the outcomewas regressed on alcohol consumption and the
abovementioned covariates and (2) a model in which the outcome
was regressed on alcohol consumption, the abovementioned cova-
riates, and one of the potential mediators. We applied a logistic
regression model for the binary outcome diabetes. Model (1) yields
the overall (or total) effect of alcohol consumption on diabetes,
whereas model (2) yields the direct effect of alcohol consumption on
diabetes (i.e., the conditional direct effect). The proportion of
the effect (PE) of alcohol consumption that is explained by the
mediator was defined as PE¼ (total effect� direct effect)/total effect,
in which the effect is the log(odds ratio [OR]) of the association
between alcohol consumption and diabetes as estimated by the two
aforementioned models. In epidemiology, this approach is often
referred to as the “difference method,” and under a rare outcome
assumption, this method yields approximately the same results as
the BaroneKenny method [9].

However, in the case of interaction between exposure and
mediator, the difference method may yield biased estimates of the
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