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Assessment of SNP Interactions Affecting Total Cholesterol Over Time Using
Logic Mixed Model: TLGS Study
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Background: Serum total cholesterol is an established risk factor for coronary heart diseases. In addition to environmental factors and
main effects of polymorphisms, genetic interactions can influence cholesterol level. Furthermore, polymorphisms effects can be timedependent. So, they could be valuable to study of genetic interactions over time.
Objectives: In this study we proposed logic mixed model to assess the association of Single-nucleotide polymorphism and other risk
factors with longitudinal quantitative cholesterol level with respect to their interactions.
Materials and Method: Data of 329 subjects with age ≥ 20 years that participated in Tehran Lipid and Glucose Study with complete data
for three phases of study was analyzed using proposed model.
Results: The results showed that the cholesterol level of male or subjects with GG genotype for ApoAIV and normal waist circumstance
and normal blood pressure was 19.8 mg/dL less than other subjects without this combination (β = -19.8, CI 95%: -13.9, -25.69). Also, having
"high triglyceride or allele e2 for ApoE" was associated with an increased effect on cholesterol (β = 16.1, CI 95%: 11.64, 20.55). The level of the
cholesterol in phase one of study was 21.4 mg/dL (CI 95%: 18.35, 24.44) more than other phases. The variance component of the random
effect was statistically differing with zero.
Conclusions: In this study, we extended logic regression to the longitudinal quantitative response and applied it to the TLGS data. We
identified some interactions among SNPs and other covariates related to cholesterol level using logic mixed model.
Keywords:Cholesterol; Coronary Disease; Polymorphism, Single Nucleotide; Regression Analysis

1. Background
Serum total cholesterol is an established risk factor for
coronary heart diseases (1, 2). Many factors can affect the
cholesterol levels in blood such as diet, weight, exercise,
age and gender. Also, the role of genetics in affecting the
level of total cholesterol is significant and genes partly
determine the amount of cholesterol and high blood
cholesterol can run in families. Recent studies have identified major loci associated with total cholesterol (3).
However, most these associated SNPs (Single-nucleotide
polymorphism) show a small effect size (4), and collectively explain only 25–30% of heritable variation for total
cholesterol level (5).
Gene–gene interactions might have a significant role in
complex traits and are one of the many possible factors
contributing to the missing heritability (6). Because of
gene-gene interaction effects on missing heritability, we
would like to find SNPs that interact in their effects on the
total cholesterol level.

To identify these SNPs interactions, we can use logic regression to search for sets of SNPs that are jointly associated with the phenotype in the form of Boolean combinations of them (7). Logic regression is an adaptive statistical
method that is used to model an outcome with combinations of multiple binary predictors, such as indicators of
SNP genotypes (i.e. dominant or recessive gene (7). Logic
regression has been applied successfully to a number of
SNP data analyses with selected candidate genes in case
control, matched case control or cohort study (8-10).
On the other hand, the development of genotype association tests for repeatedly measured phenotypes, such
as the longitudinal total cholesterol level, has received
little attention in the literature. Especially, studies that
have investigated interaction effects of SNPs on phenotype over time are rare. The present paper was initially
motivated by the SNP dataset with longitudinal total cholesterol level as response variable and potential genetic
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interactions affecting total cholesterol level. We know
interactions may contribute to missing heritability in
total cholesterol (6). Furthermore, because there is some
evidence of time-dependent genetic influences on total
cholesterol (11), it seems that genetic interaction may be
time-dependent as well.

2. Objectives

We would like to investigate interaction effects during
time to find out whether there is any interaction with
various effects on response in different time points.

3. Materials and Methods

In this study we propose an approach to study interaction effects on response over time. In particular, we propose “logic mixed model” method, in which we fit a linear mixed-effects model in Logic Regression framework
to find the best Boolean combinations of the binary predictors such as SNPs affecting longitudinal total cholesterol level. Such Boolean combinations contain interaction effects among predictors. In this method, we use a
general random-effects structure to capture the correlation between the longitudinal total cholesterol level and
negative likelihood as the score function of the model
and Annealing algorithm as the search algorithm of the
model to find best combinations.

3.1. Logic Regression

Logic Regression is a generalized regression and classification method that enables identification of interactions
by using Boolean combinations as new independent
variables of the original binary variables (X1, …, Xk ). This
model was initially developed to reveal interacting SNPs
in genetic association studies by searching for Boolean
combinations of SNPs that reveals SNPs and interactions
that are associated with the response.
Logic Regression models are of the form:
g (E(Y)) = β0 + ∑p i = 1γiWi + ∑t j = 1βjLj
Where g is a link function for the response, are quantitative covariates and are Boolean combinations of the
binary predictors (X1,…,Xk) such as (X1 Λ X3) ∨ (X5 Λ Xc7)
For every model type, a score function is defined that
shows the “quality”' of the model under consideration.
We try to find Boolean statements involving the binary
predictors that enhance the prediction for the response
and minimize the scoring function associated with this
model type.
The number of logic expressions that can be built from
a given set of binary predictors is very high, and there
is no straight method to enlist all logic terms that yield
different score. So, it is infeasible to do an exhaustive assessment of all different logic terms and select the best
model. To solve this problem in Logic Regression method,
simulated annealing as a stochastic search algorithm is
used to search for Boolean combinations and estimate
the βj (7, 12).
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3.2. Linear Mixed Effects Model
Let yi be a vector of ni observations for sample unit i , i =
1,…,m. yi follows the general linear mixed model:
Yi = Xiβ + Zibi + ei
Where Xi (ni × p) and Zi (ni × q) are known covariate matrices related to fixed and random effect respectively. bi
and ei are random errors distributed as:
ei ~ N (0, Ri), Ri = σ2Ini, bi ~ N (0, ∑)
Independently for i = 1, …, m
Linear mixed models make specific assumptions about
the variation in observations attributable to variation
within a subject and to variation among subjects. The
within-subject variation is the deviation between individual longitudinal observations (13). There are some unobserved factors that cause this variation between subjects.
For counting this variation, random effect models include random coefficients in the model. Thus, each subject has their own coefficient. Because there are many coefficients as same as the number of subjects, it is difficult
to estimate random coefficients of all subjects>Instead,
the random effect models estimate the one variance component for these coefficients. If this variance component
significantly differs with zero, we can say that there is an
unobserved variation between subjects.

3.3. Our Proposed Method: Logic Linear Mixed
Model
In this paper, mentioned linear mixed model with negative likelihood of the model as the score function, was
used to extend Logic Regression to analyze quantitative
longitudinal response. Therefore, logic linear mixed
model was defined as:
Yi = Wiγ + Liβ + zibi + ei, ei ~ N (0, Ri), Ri = σ2Ini, bi ~ N (0, ∑)
Where Yi is vector of quantitative responses of individual, Wi is quantitative covariates with fixed effect, Zi is
quantitative covariates with random effect, and Li is matrix of Boolean expression from binary predictors with
fixed effect. γ, β are vectors of unknown parameters.
Searching to find best Li - so that the fitted model has
the lowest score - was done using Annealing algorithm.
Therefore, Annealing algorithm searched for Boolean
combinations which according to the negative likelihood statistic had the lowest score and therefore had the
best fitting in logic mixed model. The program of logic
mixed model was written in FORTRAN 77 and added to
“LogicReg” package (7). Modified “LogicReg” package was
recompiled an installed in R (2.15.3) to analyze data.

3.4. Data Set and Variables Definition
Subjects in this longitudinal study were selected from
among participants of the Tehran Lipid and Glucose
Study (TLGS). TLGS is a prospective study to determine the
risk factors and outcomes of non-communicable disease.
The structure of this study includes some major components; In the TLGS, a random sample of 15005 people aged
Gene Cell Tissue. 2015;2(1):e25572
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3 years and over, living in district 13 of Tehran participated
in the cross-sectional phase as a prevalence study of cardiovascular disease and associated risk factors (14); Other
phases are prospective follow-up studies with median
follow-up of 3.6 years, in which subjects were categorized
into the cohort and intervention groups, the latter to be
educated for implementation of lifestyle modifications.
The TLGS design has been explained elsewhere (15).
A total of 329 subjects - 127 (38.6%) men and 202 (61.4%)
women - who were present in phase I ,II and III of TLGS
study with age ≥ 20 years and have complete data in candidate SNPs and other evaluated variables for all phases
were included in the current study.
High waist circumference (WC) was defined as WC ≥
95 cm for Iranian men and women (16). High triglyceride
(TG) level was defined as TG ≥ 150 mg/dL. Subjects who
had blood pressure (BP) ≥ 130/85 mmHg or used antihypertension drug and subjects with fasting blood sugar
(FBS) ≥ 110 mg/dL or users of anti- diabetic drugs were
considered as high BP and high FBS respectively (17). Subjects who smoke daily or occasionally were considered as
smokers. Phase of study was considered as time.
The polymorphisms of ApoA1M1, ApoA1M2, ApoB,
ApoAIV, ApoCIII, ABCA1, SRB1 and ApoE genes that have
been shown to be associated with total cholesterol disorder (18-22) were investigated.
Each SNP was considered as a random variable, taking
values 0, 1 and 2 corresponding to the nucleotide pairs.
We coded each of these variables into two dummy binary
variables corresponding to a dominant (if at least one
variant allele exist) and a recessive (if two variant alleles
exist) effect. By this approach, we generated 2p binary
predictors out of p SNPs to perform interaction terms for
Logic Regression (7).
With considering Z = 1 and W = age , Logic mixed model
with three Boolean combination consist of seven binary
predictor variables was fitted to assess the association
between the candidate polymorphisms, age, sex, high TG,
high WC, high BP, high FBS and smoking with cholesterol
level over time in longitudinal data of the TLGS study.

4. Results
Table 1 pictures the summary of demographic characteristic and clinical and lipid profiles of these subjects in
three phases of study. The highest level of the total cholesterol was seen in phase 1 of study (211.31 mg/dL). This
amount has decreased by about 17 mg/dL in phase 2 and
this value remained stable in phase 3.
Risk factors studied included high TG, high FBS and
smoking were almost fixed during follow-up period but
age and high WC had increased trend and high BP risk
factor had decreased trend in subjects of study during
follow-up time.
Allele frequencies are given in Table 2, which shows genotype distributions that were in Hardy–Weinberg equilibrium. The +/+ genotype of Apo A1M2 gene had the highest
prevalence (91.2%) and TT genotype of Apo AIV gene had
the lowest frequency (0.3%).
The results of first Boolean combination of fitted logic
mixed model show that total cholesterol level of the
males or subjects with normal WC and normal BP and GG
genotype for ApoAIV gene, was 19.8 mg/dL less than other
subjects without this combination.
Also, according to second Boolean combination of SNPs
and risk factors found by Annealing Algorithm, it was
seen that having high TG or e2 allele for ApoE was associated with increased total cholesterol level; so compared
to subject without this combination, we would expect
total cholesterol level of subjects having this combination to be 16.1 mg/dL more, on average at the same value
of other combinations of the model.
According to the latest combination of the fitted model,
at the same level of other combinations of the model,
mean of total cholesterol level in phase I is 21.4 mg/dL
higher than other phases.
Age as the quantitative adjusted variable, has significant positive effect on cholesterol level over time; so
that total cholesterol is predicted to increase 0.73 mg/
dL (CI 95%: 0.49, .96) when the age variable goes up by
one year.

Table 1. Demographic Characteristic and Clinical and Lipid Profiles of Subjects in Phases of Study a
Variables
Age, y b

Gender (female) c

Total cholesterol level b
High WCb

Hypertensionb
High TGb

High FBS b

Smoker b

Phase 1, (n = 329)

Phase 2, (n = 329)

Phase 3, (n = 329)

P Value

41.09 ± 15.82

44.84 ± 15.71

47.46 ± 15.62

< 0.001

202 (61.4)

202 (61.4)

202 (61.4)

1

211.31 ± 48.80

193.62 ± 40.92

194.94 ± 40.92

< 0.001

90 (27.4)

134 (40.7)

151 (45.9)

< 0.001

111 (33.7)

97 (29.5)

82 (24.9)

0.002

139 (42.2)

140 (42.6)

141 (42.9)

0.97

39 (11.9)

39 (11.9)

41 (12.5)

0.85

27 (8.2)

30 (9.1)

27 (8.2)

0.66

a Entries are mean ± SD for Age and number (%) for the rest categorical variables.
b is time dependent variable.
c is time independent variable.
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Table 2. Genotype and Allele Frequencies (percentage) of apolipoprotein E (Apo E), Apo A1M1, Apo A1M2, Apo B, Apo AIV, Apo CIII, and
SRB1 in the Study Population
Polymorphisms
Apo E Alleles

Apo A1M1 Genotypes
Apo A1M2 Genotypes
Apo B Genotypes
Apo AIV Genotypes
Apo CIII Genotypes
ABC A1Genotypes
SRB1Genotypes

e2

e3

e4

34 (1.3)

258 (78.4)

37 (11.2)

+/+

+/-

-/-

233 (70.8)

90 (27.4)

6 (1.8)

+/+

+/-

-/-

300 (91.2)

23 (7)

6 (1.8)

X+X+

X+X-

X-X-

28 (8.5)

126 (38.3)

175 (53.2)

TT

GT

GG

1 (0.3)

56 (17)

272 (82.7)

CC

CG

GG

232 (70.5)

87 (26.4)

10 (3)

GG

GA

AA

112 (34)

171 (52)

46 (14)

GG

GA

AA

268 (81.5)

58 (17.6)

3 (0.9)

Table 3. Results of Logic Mixed Model With 3 Boolean Combinations of 7 Binary Predictor Variables to Study Interaction Effects of
SNPs and Other Risk Factors on Total Cholesterol Level Over Time
Boolean Combination

(Normal WC and normal BP and ApoAIV = GG) or Gender =
male

(High TG or ApoE = e2)

Phase 1compared to other phases

Standard deviation of random effect

Coefficient Standard Error of Coefficient CI 95% for Coefficient
-19.8

3.01

(-25.69, -13.90)

16.1

2.27

(11.64, 20.55)

21.4

1.55

(18.35, 24.44)

30.89

P Value < 0.001

5. Discussion
An issue that often arises in genetic association studies is the investigation for interaction effect. Moreover,
genetic interactions can be time-dependent, so considering of interactions among SNPs and other environmental risk factors in modeling of longitudinal SNP data is
important. In this study, we developed a mixed model
approach in Logic Regression framework to test associations between gene sets and linear type of longitudinal
phenotypes, which is able to test for the effect of interaction terms in candidate gene studies.
An important feature of our method is that it can capture correlations between longitudinal correlated responses and allows for inference about interactions affecting phenotypes over time.
The finding of the current study is that ApoAIV, ApoE,
TG, WC, BP and sex are significantly associated with cholesterol.
Although association of main effects of these variables
with total cholesterol have previously been shown in
4

several studies (20, 23, 24), investigation for interaction
effects among them on longitudinal total cholesterol level using logic mixed model approach was done for first
time in this study.
Results of this study show that there is a combination of
WC, BP and ApoAIV with significant effect on total cholesterol level. It means that having normal WC and normal
BP and GG genotype for ApoAIV gene had a decreasing
effect on total cholesterol so that total cholesterol level
of subjects with this combination was 25.88 mg/dL lower
than subjects without this combination (184.83 versus
210.71 mg/dL).
Also, according to the result of Logic mixed model, it
seems that there is an interaction among sex and "normal WC and normal BP and ApoAIV = GG" combination.
In other words, males have lower level of total cholesterol
than females by itself (192.24 compared to 204.82 mg/dL)
or by accompanying with "normal WC and normal BP
and ApoAIV = GG" combination. Total cholesterol level in
Gene Cell Tissue. 2015;2(1):e25572
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the male with "normal WC and normal BP and ApoAIV =
GG" was 189.07 mg/dL and in the other subjects was 221.54
md/dL.
It has been proposed that APO AIV may play different
roles in lipids modulation. The Human apoAIV is a glycoprotein constituent of triglyceride-rich and high-density
lipoproteins (HDL) and in reverse cholesterol transport,
is mainly synthesized by the intestine and is secreted
with chylomicrons.
Moreover, there is an interaction between Apo E gene
and high TG, which having high TG or e2 allele for ApoE
can increase the level of total cholesterol during time and
consequently increase the risk of cardiovascular disease.
The differing risks for high blood cholesterol are the
result of the enzymatic activity associated with the variants. The APOE gene makes Apo E, which is involved in the
production, delivery, and utilization of cholesterol in the
body.
Furthermore, time by itself has an important effect on
the level of total cholesterol so that compared to other
phases, mean of total cholesterol in phase I of study was
higher. This might be due to the effect of interventions
for developing a healthy lifestyle after phase I in TLGS. According to the result, there was no interaction between
time and SNPs or other risk factors affecting total cholesterol level.
There were some limitations in this study, such as small
sample size and low number of SNPs, so we could not
identify more interactions between SNPs affecting level
of total cholesterol.
Logic mixed model makes us able to investigate interactions between polymorphisms and other risk factors on
longitudinal phenotype that we may not be able to find
by using conventional methods of data analysis.
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