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Obesity in Relation to Old Age Complications
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Abstract Obesity is a worldwide health concern for all ages. It is associated with morbidity and death from a variety of
diseases. This study focused on the impact of obesity on the elevated levels of HbAlc, CRP, and Cystatin C in the elderly.
High concentrations of these parameters are linked to numerous medical issues. The study is longitudinal based on Health and
Retirement Study (HRS) data. Mean levels of these parameters were found to be highest on all the occasions for the
respondents having obesity. The impact of the respondents' BMI status (obesity, pre-obesity, normal weight, and underweight)
on their levels of HbAlc, CRP, and Cystatin C has been assessed using profile analysis models. The effect of obesity is found
to be significant in all the models. The results of profile analysis models pertaining to HbAlc and Cystatin C produced
significant interaction effects associated with obesity: Year.f14 (p = 0.0003 for HbAlc and 0.0134 for Cystatin C). Interaction
effect obesity: Year.f10 is found significant (p = 0.0124) in the profile analysis model of CRP. These findings suggest that
individuals with obesity are more likely to develop high levels of HbAlc, CRP, and Cystatin C over time. Hence obesity in

old age is a crucial risk factor for the worsening of the elderly situation.
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1. Introduction

Population aging is now a very common phenomenon all
over the world. According to the World Health Organization,
more than two billion people are expected to be over 60
years old by 2050. This demographic transition towards
an aging society presents different challenges to providing
their necessary medical facilities and ensuring a supportive
environment for the elders. Various geriatric conditions
and deterioration of health with aging reduce the quality of
life of seniors [1]. Older people often suffer from various
life-threatening infectious diseases as well as age-related
non-communicable chronic diseases (NCDs) [2]. One of the
main factors thought to contribute to the development and
severity of non-communicable diseases is obesity. It is a
global health issue that affects people of all ages [3]. A
number of studies were carried out related to obesity and its
impact on the elderly. Numerous medical issues, especially
those related to obesity, pose a concern for the elderly (e.g.,
T2DM, arthritis, cardiovascular disease, metabolic syndrome,
urine incontinence, and depression) [3]. According to Segula
(2014) type 2 diabetes mellitus and reduced glucose tolerance
are associated to obesity [4]. Honolulu Heart Program and
Japanese data survey stated that there is still a predictable
relationship between obesity and hypertension [5,6]. Obesity
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increases the risk of coronary artery disease (CAD) as in [7,8].
Obesity is linked to dyslipidemia, which is characterized
by decreased high density lipoprotein (HDL) and elevated
triglycerides [9]. According to Aspeden et al. (2001)
osteoarthritis (OA) is common in obesity [10]. In addition to
raising the risk of several chronic diseases, obesity also
contributes to functional disabilities [11]. In this study effort
is made based on longitudinal data to check association
between obesity of the aged individuals and the elevated
levels of HbA1c, C-Reactive protein (CRP), and Cystatin C.
The analysis of the study was done using the nlme package
of R programming [12]. The three-month average blood
sugar level is evaluated using the HbA1c test, which can also
be used to diagnose diabetes [13,14]. It is a crucial blood test
that provides a reliable indication of how effectively diabetes
is being managed. The liver releases a molecule called
c-reactive protein (CRP) in reaction to bodily inflammation.
High levels of CRP may mean there is a serious health
condition that causes inflammation [15]. Myocardial infarction,
stroke, peripheral artery disease, and sudden cardiac death
are all predicted by c-reactive protein (CRP). CRP appears to
be a more accurate clinical predictor of cardiovascular events
than LDL cholesterol [16]. Cystatin c is a protein produced
by the cells in our body, and used as a biomarker of kidney
function. When the kidneys are functioning normally,
concentrations of cystatin c in the blood are stable. However,
as kidney function deteriorates, the concentrations begin to
rise. This test measures the amount of cystatin ¢ in blood to
help evaluate kidney function [17,18].
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2. Methods and Materials

In our research work we have used data from the Health
and Retirement Study (HRS). The HRS is sponsored by
the National Institute on Aging (grant number NIA
UO01AG009740) and is conducted by the University of
Michigan. Bugliari et al. (2020) described the details of
the dataset [19]. It is a national cohort study for Americans
over age 50 and their spouses. Beginning in 1992, samples
of people were followed every two years for their social,
economic, and health issues. HRS began collecting biomarkers
in 2006. Biomarker refers to one-time biochemical or
hematological measures made on blood or other available
bodily fluids. Five biomarker viz. a. Total cholesterol b.
HDL cholesterol, indicators of lipid levels c. Glycosylated
hemoglobin (HbAlc) —an indicator of glycemic control over
the past 2-3 months d. C-reactive protein (CRP), a general
marker of systemic inflammation e. Cystatin C, an indicator
of kidney functioning are considered for this purpose [20].

A random one half of the 2006 sample was preselected for
biomarker information. The other half was selected in 2008.
In 2010, the first half was again interviewed, and in 2012 the
second half was interviewed for a second time. This creates a
four-year interval between biomarker collections.

To obtain the data for the study, Biomarker 2006, 2010
and 2014 data sets were merged with randhrs 1992_2016
longitudinal data file [21-24]. Finally wave 8, wave 10,
and wave 12 were considered for the data of the study. In
our study the following variables are chosen as response
variables

1. Glycated hemoglobin (HbAlc) — an indicator of
glycemic control over the past 2-3 months

2. C-reactive protein (CRP), a general marker of systemic
inflammation

3. Cystatin C, an indicator of kidney functioning.

BMI of the respondents are classified in four categories
as obesity (30+), pre obesity (25.0-29.9), normal weight
(18.5-24.9), and underweight (<18.5) according to World
Health Organization. This BMI status is used as categorical
covariate. The influence of the covariate over response
variables were carried out using three different profile
analysis models. Profile analysis is used to compare different
groups of subjects in terms of mean response over time [25].
The method requires a single categorical covariate (denoting
different treatment or exposure groups) and a balanced
longitudinal design. Identifying the patterns of change in the
mean response over time in the groups and figuring out if the
shapes of the mean response profiles differ between groups
are the key objectives of the study of response profiles [25].

3. Results and Discussion

3.1. HbAlc
Considering complete cases 3281 respondents were found

having HbA1c value in all three (wave 8, wave 10, and wave
12) occasions. Among them number of individuals belong to
obesity, pre-obesity, normal weight, and underweight are
1115, 1295, 844, and 27 respectively. Mean HbAlc levels over
times according to BMI status are shown in the following
table

Table 1. Mean levels of HbAlc over time based on BMI status of the
respondents

Measurement Occasions

Groups No. of Subjects 2006 2010 2014
Obesity 1115 5.988 6.123 6.299
Pre Obesity 1295 5.737 5.817 5.947
Normal weight 844 5.565 5.647 5.727
Underweight 27 5.415 5.540 5.764

Itis seen that mean levels of HbA1c are highest for obesity
on all the occasions. The graphical display below shows that
the increasing trend of mean HbAlc levels over time is sharp
for obesity compared to other categories. That is people with
obesity are more likely to develop diabetes compared to
others.
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Figure 1. Mean HbAlc over time based on BMI status of the respondents

The profile analysis model of HbAlc with BMI status as
covariate yielded the following result

Table 2. Results of profile analysis model with HbAlc as response
variable and BMI status as covariate
DF F-value p-value
(Intercept) 1 194874.4 <.0001
Recbmi 3 66.92 <.0001
Year.f 2 111.83 <.0001
Recbmi:Year.f 6 2.62 0.0154

Results show significant effect of BMI status and year.
f (time) on HbA1c level of the respondents. Their interaction
is also significant. REML estimates of the regression coefficients
and standard errors are shown in the following table.

Normal weight and year 2006 are considered here as
reference category. From the table we see that obesity and
pre obesity have significantly higher HbAlc compared to
normal weight. Significant positive effect of Year.f10 (2010)
and Year.f14 (2014) imply that HbAlc level is increasing
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over time. Interaction effect Obesity: Year.f14 is positive
and significant (p value, 0.0003), implying that individuals
having obesity are more vulnerable to diabetes over time.

Table 3. Estimated regression coefficients and standard error based on
profile analysis model of HbAlc

Est. SE V4 p-value

(Intercept) 5.5651 0.0291 191.41 0.0000
Obesity 0.4232 0.0385 10.98 0.0000

Pre Obesity 0.1718 0.0374 4,59 0.0000
Underweight -0.1499 0.1651 -0.90 0.3641
Year.f10 0.0818 0.0278 2.94 0.0032
Year.f14 0.1621 0.0308 5.25 0.0000
Obesity:Year.f10 0.0531 0.0368 1.44 0.1488
Pre Obesity:Year.f10 -0.0013 0.0357 -0.03 0.9706
Underweight:Year.f10  0.0434 0.1577 0.27 0.7832
Obesity:Year.f14 0.1487 0.0409 3.63 0.0003
Pre Obesity:Year.f14 0.0484 0.0396 1.22 0.2220
Underweight:Year.f14 0.1872 0.1752 1.06 0.2854

3.2. C - Reactive Protein (CRP)

Considering complete cases 3102 individuals were found
having CRP levels on three occasions. Log transformation
of the response variable CRP was made in order to ensure
normality. Mean log CRP over times based on BMI status is
shown in the following table

Table 4. Mean log CRP over time based on BMI status of the respondents

Measurement Occasions

Groups No. of Subjects 2006 2010 2014
Obesity 1079 1.140 0.951 0.722
Pre Obesity 1218 0.580 0.493 0.185
normal weight 781 0.197 0.130 -0.156
underweight 24 0.084  -0.024  -0.038

Highest score of mean log CRP are seen on all the
occasions for respondents having obesity. The graph
presented below also shows that mean levels of log CRP
are highest in obesity followed by pre obesity and normal
weight.

log (CRP) plot based on RECBMI

o | RECBMI

= "0
- ’ =@ Obesity
% . "o ---- Pre Obesity
S .- R —— underweight
g i e -~ normal weigh
g o
g o ; T T LI *

_ T RS = o
~ T e
(=]
CRPUG CRP10 CRP14

Time
Figure 2. Mean log CRP over time based on BMI status

Profile analysis model of CRP based on 3102 individuals
produced the following results

Obesity in Relation to Old Age Complications

Table 5. Results of profile analysis model with log CRP as response
variable and BMI status as covariate
DF F-value p-value
(Intercept) 1 1003.53 <.0001
Recbmi 3 123.34 <.0001
Year.f 2 152.83 <.0001
Recbmi:year.f 6 1.71 0.1137

Table above shows that BMI status of the respondents
has significant effect on the CRP level of the respondents.
Insignificant interaction effect implies that no groupx
time effect is present. REML estimates of the regression
coefficients and standard errors are shown in the following
table

Table 6. Estimated regression coefficients and standard error based on
profile analysis model of log CRP

Est. SE z p-value

(Intercept) 0.1970 0.0415  4.74 0.0000
Obesity 0.9431 0.0545 17.30  0.0000

Pre Obesity 0.3832 0.0532 7.20 0.0000
Underweight -0.1133 0.2405  -0.47 0.6375
Year.f10 -0.0670 0.0371  -1.80 0.0710
Year.f14 -0.3534 0.0452  -7.82 0.0000
Obesity: Year.f10 -0.1219 0.0487  -2.50 0.0124
Pre Obesity: Year.f10 -0.0203 0.0475  -0.42 0.6688
Underweight: Year.f10 -0.0412 0.2149  -0.19 0.8480
Obesity: Year.f14 -0.0649 0.0593  -1.09 0.2737
Pre Obesity: Year.f14 -0.0423 0.0579  -0.73 0.4649
Underweight: Year.f14 0.2314 0.2616 0.88 0.3765

Normal weight is considered here as reference category.
From the above table we see that respondents in obesity have
significantly higher CRP value compared to respondents
having normal weight. Thus obesity is a significant risk
factor for developing high CRP concentration.

3.3. Cystatin C

Log transformation of the response variable Cystatin C
was also made in order to ensure normality. Total of 3064
respondents were found in complete data with Cystatin C
measurements. Among which 1064 respondents in obesity
class, 1200 in pre obesity, 777 in normal weight and only 23
in underweight. Mean log Cystatin C over time based on
BMI status is shown in the following table

Table 7. Mean log Cystatin C over times based on BMI status

Measurement Occasions

Groups No. of Subjects 2006 2010 2014
Obesity 1064 0.028 0.111 0.193
Pre Obesity 1200 -0.041 0.044 0.117
Normal weight 777 -0.079 -0.019  0.048
Underweight 23 -0.158  -0.084  0.029

Table shows that mean levels of log Cystatin C are highest
for obesity in the group on all the occasions. The graph below
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displays an increasing trend over time and rate is higher for
obesity compared to other categories
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Figure 3. Mean log Cystatin C over time based on BMI status

The Results of the profile analysis model of log Cystatin C
is presented in the following table

Table 8. Results of profile analysis model with log Cystatin C as response
variable and BMI status as covariate

DF F-value p-value

(Intercept) 1 23.6998 <.0001
Recbmi 3 36.067 <.0001
Year.f 2 347.4668 <.0001
Recbmi:year.f 6 1.2957 0.2553

Table above shows that BMI status of the respondents has
significant effect on the level of Cystatin C concentration of
the respondents. Insignificant interaction effect implies that
no groupxtime effect is present. REML estimates of the
regression coefficients and standard errors are shown in the
following table

Table 9. Estimated regression coefficients and standard error based on
profile analysis model of log Cystatin C

Est. SE 4 p-value

(Intercept) -0.0791  0.0103  -7.68 0.0000
Obesity 0.1075 0.0135 7.94 0.0000

Pre Obesity 0.0384 0.0132 2.90 0.0036
Underweight -0.0790  0.0606  -1.30 0.1923
Year.f10 0.0599 0.0111 5.39 0.0000
Year.f14 0.1270 0.0115  11.00 0.0000
Obesity:Year.f10 0.0231 0.0146 1.58 0.1138
Pre Obesity:Year.f10 0.0245 0.0142 1.71 0.0855
Underweight: Year.f10 0.0140 0.0653 0.21 0.8301
Obesity:Year.f14 0.0375 0.0152 2.47 0.0134
Pre Obesity:Year.f14 0.0311 0.0148 2.10 0.0355
Underweight:Year.f14 0.0605 0.0679 0.89 0.3725

Normal weight is considered as reference category in
the above table. From the table we see that respondents
in obesity have significantly higher Cystatin C compared
to respondents having normal weight. Significant effects of
Year.f10 and Year.f14 (p = 0.0000) indicate concentration of
Cystatin C increases over time and the situation deteriorates
for obesity because the effect of Obesity: Year.f14 is

significant (p = 0.0134). Thus obesity in aged persons is
significantly responsible for developing high concentration
of Cystatin C.

4. Conclusions

Elevated levels of HbAlc, CRP, and Cystatin C are related
to a number of medical conditions. Results of this study
show that aged persons having obesity developed high levels
of all the mentioned parameters. Hence obesity makes
geriatric circumstances more vulnerable.
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