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Purpose: Although moderate to high genetic contribution to blood pressure variation have been esti-
mated in numerous studies, the genetic control over the longitudinal change in blood pressure has been
less frequently investigated because of the requirement of longitudinal design.

Methods: Based on blood pressure data from a large-scale family-based longitudinal survey, we intro-
duced hierarchical modeling of longitudinal family data in combination with fractional polynomials for
fitting nonlinear age patterns of blood pressure and the mixed-effect models for estimating sibling
correlation on blood pressure to assess the genetic and shared environmental effects on blood pressure
level as well as on the rate of change in blood pressure over ages.

Results: Significant sibling correlations were estimated on the levels of systolic blood pressure (0.2, 95%
CI: 0.10—0.30) and diastolic blood pressure (0.28, 95% CI: 0.18—0.38), whereas for the longitudinal change
or the rate of change, significant correlation was estimated only for diastolic blood pressure (0.13, 95% Cl:
0.04—0.23). In the sex-specific analysis, similar pattern is observed, but statistical significance was only
reached in female siblings with correlation estimates higher than the overall sample.

Conclusion: The rate of change in blood pressure is mainly influenced by individual's unique environ-
ment; and the genetic and common family environment may play a role in regulating the longitudinal
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change of diastolic but not systolic blood pressure.

© 2019 Elsevier Inc. All rights reserved.

Introduction

Hypertension is a comorbidity to both ischemic heart disease
and stroke, the two topmost leading causes of death according to
the WHO's recent update [1]|. Hypertension also contributes
significantly to the risk of metabolic syndrome [2], a condition that
affects a large proportion of the world population. The levels of
blood pressure trait have been shown to be affected by both genetic
and environmental factors in twin and family-based studies |3, 4]
and in recent genetic association studies [5, 6]. Although
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moderate to high genetic contribution to blood pressure variation
have been estimated in numerous studies, the genetic control over
longitudinal changes in blood pressure has been less frequently
investigated because of the requirement of longitudinal design. On
the other hand, the level of blood pressure could change with age
and some of the age patterns may not be linear. Proper adjustment
for the confounding factors such as age is needed to correctly assess
the genetic effect on the level and the rate of longitudinal change in
blood pressure.

In the past decades, large-scale family-based longitudinal
studies on complex diseases have been performed, such as the San
Antonio Family Heart Study and San Antonio Family Diabetes/
Gallbladder Study. The large sample sizes available allow for
powerful analysis of traditional epidemiological data and genetic
data resulting in rich research findings [7]. Although the results
from intensive analysis on genetic data are interesting, analysis of
the sizable and valuable epidemiological data can also provide
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Fig. 1. The histogram for sibship size (A) and the pie plot for the number of siblings
who underwent 1 wave, 2 waves, 3 waves, and 4 waves of examination (B). The largest
portion of samples had 3 waves of follow-up.

useful information concerning the overall genetic and shared
environmental background in the variation of clinical variables, for
example, blood pressure.

Indeed, the analysis of longitudinal family data can be statisti-
cally challenging because of the complex data structure including
repeated measurements over the follow-up waves and within
family relatedness and nonlinear patterns of blood pressure over
ages. This article introduced hierarchical modeling of longitudinal
family data [8] in combination with the fractional polynomials (FPs)
[9] for fitting nonlinear age trajectories and the mixed-effect
models for estimating sibling correlation on blood pressure to
assess the genetic and shared environmental effects on blood
pressure. Sex-combined and sex-specific analyses have been done
to allow comparison on sex-dependent patterns of sibling
correlations.

Materials and methods
The samples

Large pedigree data on blood pressure were collected by the San
Antonio Family Heart Study [10] and San Antonio Family Diabetes/

Table 1
Basic statistics (95% CI) of sibling samples

Gallbladder Study [11], which are pedigree-based studies con-
ducted in San Antonio, Texas, and data on 20 Mexican American
pedigrees were made available to the 18th Genetic Analysis
Workshop [7]. The available data contain 27 to 107 individuals per
pedigree with median pedigree size of 69 individuals and 1043
participants in total, from which blood pressure on 932 individuals
was measured longitudinally over four times in a period of 30 years.
For each examination, blood pressure was measured in sitting po-
sition, three times after a five-minute rest with a random zero
sphygmomanometer [12]. The numbers provided here are the av-
erages of the second and third readings.

Besides blood pressure, information concerning hypertension
diagnosis (systolic blood pressure [SBP] > 140, diastolic blood
pressure [DBP] > 90), antihypertension medicine intake, and to-
bacco smoking are also collected at each examination. From the 20
large pedigrees, a total of 819 siblings were found with age
ranging from 16.8 to 76.3 years. Figure 1A displays the sibship size
counted from each family. The frequency distribution and basic
statistics on demography, blood pressure, hypertension medica-
tion, and smoking at each of the four waves are shown in Table 1.
Figure 1B divides individuals by the number of consecutive waves
undertook during the survey with the biggest proportion (35%) of
participants underwent three waves in a row. The effects of con-
founding were adjusted by regressing blood pressure on medica-
tion and smoking and keeping the residuals for subsequent
analysis, resulting in 575 siblings in total (213 males and 362 fe-
males) (Table 2) because of missing observations on medication
and smoking.

Statistical analysis

Hierarchical linear models

Hierarchical linear models (HLMs) represent a complex form of
regression analysis [13] referred to as random coefficient models
with two defining features. First, the data appropriate for HLMs are
structured with different levels with lower level or level-1 units
(here blood pressure measurements over time for each individual)
nested within the higher level or level-2 units (here family). Sec-
ond, the parameters of the level-1 model characterize linear rela-
tionship occurring between level-1 units (here the blood pressure
trajectory over time). These parameters can be modeled as a
function of level-2 units (family, age at entry, and sex of siblings
within family). Our two-level HLM takes the form of regression
models developed separately for level-1 and level-2 units. For
clarity, the level-1 model for each individual can be shown as

Yij = Bo;i + 81X +ej (1)

Here, Y;; is the blood pressure measured for individual i at
measurement j; X;; is the age at measurement j for individual i; 8o,
and 8y, are the intercept and slope parameters for individual i; e;; is
a random error associated with individual i at measurement j,
which is normally distributed with E(ej;) = 0, var(e;;) = 7.

Examination 1

Examination 2

Examination 3

Examination 4

N 762 530 573 202
Year 1981-1996 1997—-2000 1998—2006 2009—2011

Age 37.5 (16.8—75) 40.7 (20-75.4) 446 (23.6-763) 492 (31.4-75.6)
Male (%) 366 (48) 251 (47.4) 276 (48.2) 121 (59.9)

SBP 120.5 (94—167.3) 123.5(95.2—171.8) 124.5 (99-164.7) 127.1 (96.5-157.5)
DBP 71.3 (51.7-92) 71.9 (54-92) 71 (50.7-90) 77.9 (61-98)
Meds, % 8 165 25.4 403

Smoking, % 22.6 19.3 204 119

" Number with blood pressure measurements.
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Table 2
Estimated ICCs and 95% CIs for sibling correlation on blood pressure
Level Change
SBP DBP SBP DBP
All, N =575
Variance
Sibship 33.24 21.36 0.06 0.38
Residual 149.26 63.75 3.67 1.17
ICC 0.20 0.28 0.02 0.13
95% CI 0.10-0.30 0.18—-0.38 0.00-0.10 0.04-0.23
ICC™* 0.18 0.25 0.01 0.10
F(age), P 2.00e—16 8.24e—-07 0.27 1.22e—07
Males, n = 213
Variance
Sibship 15.13 15.16 0.48 0.00
Residual 213.77 73.67 4.00 1.72
ICC 0.09 0.19 0.11 0.00
95% ClI 0.00-0.31 0.00—0.40 0.00—-0.32 0.00-0.19
Icc 0.07 0.17 0.11 0.00
F(age), P 8.98e—05 0.05 0.62 0.01
Females, n = 362
Variance
Sibship 38.85 30.47 0.23 0.26
Residual 110.51 51.98 3.08 1.13
ICC 0.30 0.40 0.07 0.22
95% CI 0.15-0.43 0.26—0.52 0.00-0.21 0.07-0.36
Icc 0.26 0.37 0.07 0.19
F(age), P 2.00e—16 3.13e—-07 0.29 2.53e—07

" ICC estimated by the linear model.

In the level-2 model, the regression coefficients from level-1
model are regressed on the level-2 group variables in a mixed-
effect model.

E(Bo,il Tox) = Yoo + Y01a8€; + Yo25€X; + T i (2)

E(B1,|r1k) = Y10 + Y11088€; + Y125€X; + T'1 & (3)

In (2) and (3), ygo and 71 are the intercepts or overall means for
Bo,; and f1; after adjusting for the fixed effects of age and sex; rok
and ryx are the random effects for §p; and §1; in family k after
adjusting for age and sex and are normally distributed with E(rgx) =
E(r1x) =0, SD(ro k) = vo, and SD(r1x) = v;. Here, the most interesting
parameters are 1o and ik, which can be used for estimating sib-
ship correlation calculated as the intraclass correlation coefficient
(Icc).

Following Andersen and Skovgaard [ 14], upon fitting the mixed-
effect models, if the residual SDs for $p; and ;1 for given rox and ry
are denoted as sp and s;, then the marginal SDs for (§p; and §;; are

SD(Boi) = \/13 +53. SD(B1) = /12 + 2.

Then, the correlation between observations §p; and fg» in
family k is

2

%
IcCo— o 4
e )

Likewise, the correlation between observations $1; and ;> in
family k is
2
&1
2 2
vy + 89

IcC; = (5)

We use ICCq and ICC; to measure sibling correlation on the level
and rate of change of blood pressure, respectively.

The mixed model with FPs

As to be shown in the results section, some of the age patterns
for the level and the rate of change of blood pressure are monot-
onously nonlinear. To model the nonlinear relationship, we intro-
duce the first-order FPs as proposed by Royston and Altman [15] to
the mixed-effect models, such that (2) and (3) become

E(Bo.Tox) = Yoo + Yo1a8€! + voa5€x; + o (6)

E(B14|r14) = Y10 + Y1108€} + y125€X; + 1y (7)

where the power p is restricted to a special set ¢ = {-2, -1, —1/2, 0,
14,1, 2, 3} with age’ denotes the natural log transformation, log(age).
For each p in ¢, a model was fitted and the best fitting model
determined as the one with the lowest Akaike Information Crite-
rion [16].

All statistical analyses were performed using the R Statistical
software (https://www.r-project.org/). The mixed-effects model
was fitted using the R package Ime4.

Results

Following the steps described in the Method section, we first
estimated coefficients (the intercept and slop) from the level-1
model, that is, Equation (1), for each individual for SBP and DBP.
In fitting the model, the age at entry was subtracted from X;; so that
the intercept is actually the level of blood pressure at intake and the
slope is the rate of change over the follow-up period. Figure 2 plots
the intercepts (left panel) and slopes (right panel) of SBP against
individual age at entry. The red lines are the smoothing average
over ages (solid for males and dashed for females). The level of SBP
increases nearly linearly with age in males. It starts higher in fe-
males at younger ages but converges to males after around the age
of 40 years. Interestingly, the rate of change keeps constant around
zero over the ages. The age pattern of DBP is plotted in Figure 3.
Different from SBP, the level of DBP increases with age but starts to
decline at around the age of 45 years both in males and females.
Again, different from SBP, the rate of change for DBP decreases
linearly with increasing age in both sexes.

The age trajectories of blood pressure levels in Figures 2 and 3
suggest that it is necessary to introduce nonlinear models to
improve goodness of fit. As described in the Method section, we
fitted mixed-effect models with first-order FPs to the sibling data.
In Table 2, we show the estimated ICCs for the level and rate of
change for SBP and DBP. In the sex-combined sample of 819 sib-
lings, ICC estimates for the levels of SBP and DBP are 0.2 (95% CI:
0.10—0.30) and 0.28 (95% CI: 0.18—0.38), respectively. For compar-
ison, we also fitted linear models to SBP and DBP levels, which
estimated lower ICCs of 0.18 and 0.25. For the rate of change, the
estimated ICC for SBP was not significant (ICC = 0.02, 95% CI:
0.00—0.10), whereas a significant but low ICC (0.13) was estimated
for DBP (95% CI: 0.04—0.23). The P value for the FP function of age,
F(age), shows that there is no age-dependent pattern in the rate of
change in SBP (P = .27).

Considering the differential sex-dependent trajectories for the
levels of blood pressure in the left panels of Figures 2 and 3, we next
performed analysis on males (338 siblings) and females (481 sib-
lings) separately (Table 2). The estimated ICCs for males are all very
low with their 95% CI including 0. In females, however, all ICC es-
timates are significantly different from O except the rate of change
for SBP (ICC = 0.07, 95% CI: 0.00—0.21), all higher than that for
males and for sex-combined analysis. The estimated ICCs for fe-
males are 0.30 (95% CI: 0.15—0.43) and 0.40 (95% CI: 0.26—0.52) for
the levels of SBP and DBP, respectively. Again, Table 2 shows that
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Fig. 2. Scatter plot for the level-1 estimates of levels (left panel) and rate of change (right panel) in SBP plotted against individual age at entry with the curves showing the
smoothing averages for males (solid) and females (dashed). The solid circles are male samples and the empty circles are female samples.

the linear model underestimates ICCs as compared with the
nonlinear model. For the rate of change, only DBP has a significant
ICC estimate (ICC = 0.22, 95% CI: 0.07—0.36). The rate of change for
SBP has a minor ICC estimate (0.07) which is not different from
0 (95% CI: 0.00—0.21).

Discussion
By fitting hierarchical linear models to longitudinal data and

introducing the random effect to account for sibship, we were able
to estimate ICCs for sibling correlation on both the level of blood
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pressure and its rate of change over ages. Significant ICCs were
estimated for the levels of SBP and DBP in the sex-combined sample
(Table 2). Because two times sibling correlation gives the upper
bound of additive genetic heritability, we have the upper limit of
heritability estimate for the level of SBP as 0.40 (95% CI: 0.20—0.60).
Likewise, the heritability estimate for DBP is 0.56 (95% CI:
0.36—0.76). These estimates are, in general, lower than the esti-
mates using twins because the latter controls for multiple con-
founding factors. However, the estimate for DBP is in good
agreement with the heritability estimates in Chinese twins (0.57,
95% CI: 0.47—0.65) [3]. Although the estimated heritability for SBP

Rate of change

20 40 60 80

Age at Entry

Fig. 3. Scatter plot for the level-1 estimates of levels (left panel) and rate of change (right panel) in DBP plotted against individual age at entry with the curves showing the
smoothing averages for males (solid) and females (dashed). The solid circles are male samples and the empty circles are female samples.
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is lower than the estimate in Chinese twins (0.54, 95% CI:
0.44—0.63), their confidence intervals overlap a lot. Different from
the results on levels of blood pressure, the estimated ICC on the rate
of change in SBP is not different from 0 (0.02, 95% CI: 0.00—0.10)
and that for DBP is very low but significant (0.13, 95% Cl:
0.04—0.23). Comparing our estimated ICCs for the level and for the
rate of change in blood pressure, it is clear that genetic and shared
family factors have only minor influence in determining the dy-
namic change in blood pressure. That is, the rate of change in blood
pressure is mainly resulted from the individual's unique environ-
ment. This conclusion is consistent with that from a recent longi-
tudinal study on Danish and Chinese twins [17], although our
estimates are in general lower. The practical implications of these
findings are two folds. First, genetic association studies should
focus on genetic variants accounting for blood pressure variations
but not the longitudinal changes; second, promoting individual
healthy lifestyle can be the key for controlling the age-related
progression of blood pressure.

In Table 2, the estimated ICCs for the levels of SBP and DBP in
females correspond to heritability estimates of 0.60 (95% CI:
0.3—0.86) and 0.80 (95% CI: 0.52—1.00), respectively. These es-
timates are much higher than the sex-combined estimates,
suggesting that the latter are in fact dominated by the corre-
lation in female siblings. Although the ICC for the rate of change
of SBP is not significant, the estimated upper bound of herita-
bility for DBP is 0.44 (95% CI: 0.14—0.72), a clear indication that
genetic and common family environment play a role in regu-
lating the longitudinal change of DBP but not SBP in females.
The observed sex difference in ICC estimates can be due to
either biology or the different sample sizes used. Considering
the sample size for males (213 individuals) is less than 60% of
the sample size for females (362 individuals), the insignificant
results in males can well be affected by the low power in
analyzing the male siblings.

As described in the Method section, we fitted models with and
without FPs, the latter assumes linear relationship between blood
pressure and age. In Table 2, the ICC estimates from the linear
models are presented as ICC'. It is clear that ICC' < ICC in all analyses
suggesting that the nonlinear models provide higher ICC estimates.
This is understandable as the FPs helped to better account for the
effect of age, which, otherwise, will serve to increase residual
variance. In the literature of twin modeling, the nonlinear age effect
is usually modeled by adding extra covariates defined as age, age?,
age’, etc. This arbitrary assignment of variables takes away power
for statistical testing and does not capture the nonlinear age pattern
efficiently. In this case, fitting the FPs should be encouraged.

Finally, although our hierarchical model with FPs estimated
significant genetic contributions to both the level and the rate of
change of blood pressure traits, the estimates are overall genetic
effects together with influences from shared family environmental
factors. Family and individual environmental factors (e.g., social
economic status, diet habit, drinking behavior), if available, can be
easily included in the level-2 model and potentially help to improve

the estimates on genetic contributions. Likewise, the inclusion of
molecular markers (e.g., SNP genotypes, CpG methylation levels,
gene expression) can help with identifying molecular targets of
blood pressure variations together with their interaction effects
with observed environmental exposures.
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