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Abstract Background: Many psychosocial constructs are known predictors of longevity and health-related
quality of life in older adult populations. Similarly, measures of health and performance have consistently shown
positive influences on related outcomes among older adults. Less is known, however, if a set of health and
performance measures can concurrently predict a set of psychosocial constructs. Purpose: The aim of this study was
to use advanced statistical procedures to examine the extent to which several health and performance variables can
predict multiple psychosocial outcomes simultaneously. Methods: Data from 2,561 adults 50+ years of age
participating in the 2022 Health and Retirement Study were used. Three (3) psychosocial measures were created that
included positive affect (POS), hostility (HOST), and anxiety (ANX). The psychosocial outcomes showed
acceptable reliability (o values = 0.93, 0.80, 0.81, respectively) and were subsequently converted to factor T-scores
using IRT. Five (5) health and performance predictor variables included physical activity (PA), grip strength (GS),
balance test (BT), body mass index (BMI), and perceived general health (GH). Health-related covariates included
AGE, SEX, and marital status (MS). The primary analysis consisted of univariate and multivariate multiple
regression models along with calculated structure coefficients to examine the associations between sets of measured
and synthetic variables. Results: Bivariate analyses showed that older adults with high levels (versus low levels) of
PA or GH had significantly (p-values < 0.0001) greater POS and lower HOST and ANX. Additionally, those with
high levels of GS or BMI showed significantly (p-values < 0.0001) greater HOST. While those with high levels of
GS saw significantly (p = 0.0158) lower ANX. Univariate multiple regression models revealed all predictors 1)
independently related to POS except GS, BT, and MS; 2) independently related to HOST except GS and MS; and 3)
independently related to ANX except PA, GS, SEX, and MS. Multivariate multiple regression found that all
predictors were independently related to the set of psychosocial outcomes except GS and MS. Finally, structure
coefficients for the multivariate analysis indicated GH (rs = 0.829, rs = 0.382) and PA (rs = 0.595, rs = 0.274) were
the strongest correlates of the explained variance found from the synthetic predictor and outcome variates,
respectively. Conversely, GS (rs = -0.101, rs = -0.047) and BT (rs = 0.140, rs = 0.065) were the weakest correlates
of the explained variance found from either the synthetic predictor or outcome variates, respectively. Conclusion:
Results from this study support the ability of a health and performance construct to independently predict
psychosocial wellness in older adults. Self-rated health and leisure activity may be stronger predictors of total
psychosocial wellness than measures of performance in this population.
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1. Introduction

The United States (US) life expectancy at birth for the
total population has recently (2024) achieved an all-time
high of 79.0 years [1]. Notably, after reaching age 65, a
US adult can expect to live an additional 19.7 years [1].
This demographic shift has contributed to the so-called

Graying of America and has led to the currently estimated
61.2 million US adults 65+ years of age [2,3]. These
recent statistics also show that older adults outnumber
youth (< 18 years) in 11 US states with a nationwide
population gap of just under 12 million in 2024 [3]. It is
not surprising, then, that the impact of aging-related health
problems has become a national concern [4]. In 2023, over
90 percent of older adults reported one or more chronic
conditions, and over 75 percent reported multiple chronic
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conditions [5]. Common ailments cited in this population,
in order of prevalence (2023), include hypertension,
hypercholesterolemia, arthritis, obesity, diabetes, cancer,
and heart disease [5]. The next most prevalent condition
suffered among the aged is depression, with
approximately 15 percent of older adults reporting the
mental health condition [5].

The ability to identify the determinants of health
outcomes in older populations can lead to successful
intervention. There are several known predictors of
healthy aging that include but are not limited to 1)
behaviors such as adequate nutrition and exercise; 2)
health indicators such as maintaining a healthy body
weight and optimal blood lipid levels; 3) physical
performance measures such as muscular strength and
cardiorespiratory fitness, and 4) self-reported psychosocial
outcomes such as mental health and social engagement
[6,7,8,9,10]. Moreover, certain psychosocial, health status,
and physical performance measures have been seen to
predict good health-related quality of life in older adult
populations [11,12,13]. The majority of this evidence,
however, has been supported using univariate statistical
analyses. That is, the examination of the influence of
determinants or risk factors on only single outcome
measures. Whereas the application of multivariate
statistical analyses can find robust associations between
sets of predictors and outcomes. Furthermore, multivariate
statistical methods have an advantage of allowing the
correlation between outcome variables to be captured and
used to create a type of “super variable” that can represent
a larger outcome construct. Despite the benefits of
multivariate statistical analyses, there is a lack of research
applying them to health, performance, and psychosocial
data. As a consequence, few studies have examined if a set
of health and performance measures can concurrently
predict a set of psychosocial constructs. The purpose of
this study was to use advanced multivariate statistical
procedures to examine the extent to which many health
and performance variables can predict many psychosocial
outcome measures.

2. Methods

Study design and data

This cross-sectional study used data from the 2022
Health and Retirement Study (HRS) [14]. Most of the
following methods have been reported in detail elsewhere
[15]. Briefly, the HRS is a longitudinal survey of US
adults over 50 years of age. The current study downloaded
the HRS core survey and used data primarily from the
demographics, physical health, physical measures, and
leave-behind questionnaires (LBQ) psychosocial and
lifestyle modules. The HRS has collected data since 1992
from adults 51 to 61 years of age (and spouses/partners of
any age). HRS adds participants to its core survey every
two years. Although the current study only used the cross-
sectional 2022 core survey. The above-mentioned data
modules were merged with the cross-wave tracker file,
and participants were included if they were 50+ years of
age and had complete psychosocial, health, and
performance data with nonzero weights.
Psychosocial outcome variables

Three (3) psychosocial outcome measures were created
from survey questions that included positive affect (POS),
hostility (HOST), and anxiety (ANX) [16]. These
measures were selected because they spanned a
psychosocial wellness construct by targeting traits of
happiness, anger, and stressful worrying. POS assessed
the degree to which a person enjoys engaging with their
environment, with higher scores indicating greater
enjoyment. The POS scores were created from 13 items
each on a 5-category rating scale ranging from 1 = “Very
much” to 5 = “Not at all.” After reverse coding, POS
scores were created from a simple average across the 13
items. Participants with missing data on any item were
excluded from the scoring and the study. HRS reports
(2020) an internal consistency reliability of o = 0.92 for
POS, and the current study-level alpha was computed at o
= 0.93. HOST assessed the degree to which a person
displays chronic cynicism, with higher scores indicating
greater cynicism. The HOST scores were created from 5
items each on a 6-category rating scale ranging from 1 =
“Strongly disagree” to 6 = “Strongly agree.” HOST scores
were created from a simple average across the 5 items.
Participants with missing data on any item were also
excluded from the scoring and the study. HRS reports
(2020) an internal consistency reliability of a = 0.80 for
HOST, and the current study-level alpha was the same at o
= 0.80. ANX assessed the degree to which a person
displays a distressful amount of anxiety, with higher
scores indicating greater anxiety. The ANX scores were
created from 5 items each on a 4-category rating scale
ranging from 1 = “Never” to 4 = “Most of the time.” ANX
scores were created from a simple average across the 5
items. Participants with missing data on any item were also
excluded from the scoring and the study. HRS reports (2020)
an internal consistency reliability of a = 0.81 for ANX, and
the current study-level alpha was the same at o = 0.81. Raw
POS, HOST, and ANX scores were subsequently converted
to factor T-scores (mean = 50, SD = 10) using a polytomous
item response theory (IRT) model.

Health and performance predictor variables

Five (5) health and performance predictor variables
included physical activity (PA), grip strength (GS),
balance test (BT), body mass index (BMI), and perceived
general health (GH). A PA score was created from 3 items
targeting different intensities [15]. One item asked about
the frequency of vigorous-intensity activities (VPA), one
item asked about the frequency of moderate-intensity
activities (MPA), and the third item asked about the
frequency of light-intensity activities (LPA). From the
original response options, a new 3-category rating scale
was developed for each above item and included “inactive
(0),” “low/moderately active (1),” and “highly active (2).”
Thus, the PA score included three items of vigorous
(VPA), moderate (MPA), and light PA (LPA) and a total
score created by summing across the three items for
participants with complete data. The PA score has been
validated with an acceptable reported internal consistency
reliability of a = 0.79, with a current study-level ordinal
alpha of o = 0.73 [15].

GS (in kilograms) was assessed using a Smedley
spring-type hand dynamometer, with two measurements
taken for each hand in alternating fashion. The maximum
grip strength test value for the participant’s dominant hand



American Journal of Public Health Research 105

was used for GS. BT (in seconds) was assessed by having
the participant stand with the heel of one foot in front of
the other foot, heel touching toes, for 30 to 60 seconds.
The maximum time, up to the 30-60 second limit, was
used for BT. BMI (in kg/m® was assessed using
objectively measured height (in inches) and weight (in
pounds) and dividing weight by the square of height and
multiplying by 703. Finally, GH was assessed using a
single question that asked participants to rate their health.
There were five response options that included 5 =
“excellent,” 4 = “very good,” 3 = “good,” 2 = “fair,” or 1
= “poor.”

Health-related covariates

Health-related covariates included AGE, SEX, and
marital status (MS). Age was used as a numeric variable
ranging from 54 to 99 years. Sex included 1 = “male” and
0 = “female” groups. Finally, marital status was binary
and placed participants into one of two groups of either 1
= “married” or 0 = “not married” (including
separated/divorced, widowed, never married, or marital
status unknown).

Statistical analyses

The sample was first described by computing weighted
mean estimates with standard errors (SEs) of the three
outcome variables (i.e., POS, HOST, and ANX) across
health and performance predictor variable (i.e., PA, GS,
BT, BMI, and GH) groups. Each “high” and “low”
predictor group was split at its approximate median value.
Additionally, tests of mean differences were performed
using the linear regression (proc surveyreg) t statistic,
accounting for the complex sampling design, with each
binary predictor variable. For a measure of effect size, the
point-biserial correlation coefficient was reported using
the standardized beta weights (B). Bivariate Pearson
correlations between all study variables were also
computed and statistically tested using individual linear
regression (proc surveyreg) models that also accounted for
the complex sampling design.

Univariate multiple regression, weighted and adjusted
for the complex sampling design (proc surveyreg), was
employed on each outcome variable separately with raw
slopes (bs), SEs, standardized slopes (i.e., beta weights,
Bs), and p-values reported. Additionally, weighted and
adjusted partial correlation coefficients (rp.:) for each
predictor with the dependent variable were computed
along with measures of variance inflation factor (VIF)
from weighted (non-adjusted) linear regression (proc reg)
models. After outputting the predicted values from each
univariate multiple regression model to a new dataset,
standardized slopes and structure coefficients were
computed for each predictor variable and the predicted
values. Structure coefficients are the bivariate correlations
between each respective predictor variable and the
synthetic variate (i.e., predicted values) [17]. Thus,
structure coefficients tell us how strongly a predictor
relates to the model's total explained variance.

Several procedures were used to conduct the
multivariate multiple regression analysis predicting the set
of psychosocial outcome variables with the set of health
and performance variables (See Figure 1). First, a
weighted (non-adjusted) multivariate multiple regression
model was employed using a linear regression model
(proc reg) with an mtest option. This step allowed for

overall multivariate multiple regression test statistics,
including Wilks' Lambda (), an omnibus F statistic, the
model coefficient of determination (R?), and an omnibus
p-value. The omnibus test tests the null hypothesis that all
predictor coefficients (except the intercept) are zero.

Figure 1. Conceptual model of multivariate multiple regression
predicting psychosocial outcomes with health and performance measures

Second, another weighted (non-adjusted) multivariate
multiple regression model (proc reg) was employed with a
separate mtest option for each predictor variable. This step
allowed for the calculation of a Wilks' Lambda (}) statistic
for each predictor variable as well as a p-value for each
that tests the null hypothesis that its coefficients with the
three outcome variables are zero while holding all other
predictor variables constant.

Third, since the above multivariate analyses (proc reg)
were only weighted and not adjusted for the complex
sampling design, another multivariate multiple regression
model was employed that properly adjusted the SEs and
thus the p-values. This step was accomplished by running
a structural equation model (SEM) using STATA and the
SVY command. This model treated all variables as
observed variables, identified all independent variables as
predictors of each outcome variable, and allowed the
outcome variables to correlate with each other.
Postestimation commands were used to compute the
adjusted p-values for each predictor’s joint association
with the set of outcomes. The adjusted univariate models
and correlation matrices between STATA SEM and SAS
surveyreg were compared, and the exact models were
confirmed before examining the multivariate tests.

Fourth, and lastly, a weighted canonical correlation
analysis was employed to compute the multivariate model
canonical correlation (rcc) as well as confirm the omnibus
Wilks' Lambda, F-statistic, and p-value from the above
mtest analysis. Additionally, the canonical scores for both
sets of variables were outputted to a new dataset, and
standardized slopes and structure coefficients were
computed for each predictor variable (and outcome
variable) for each canonical (synthetic) variate. The
synthetic outcome and predictor scores were subsequently
converted to T-scores and used to create graphs that
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highlight the main associations found in the data.
Significance was set at p < 0.05 for all complex sampling-
adjusted p-values. SAS version 9.4 and STATA 16.0 were
used for all analyses [18,19,20].

3. Results

A total of N = 2,561 participants had complete data
with a mean age of 66.3 years (See Figure 2). Table 1
displays psychosocial outcome variable statistics across
high and low health and performance categories that were
previously split at their median values. This analysis
reveals that older adults with high levels (versus low
levels) of PA or GH had significantly (p-values < 0.0001)
greater POS and lower HOST and ANX. Additionally,
those with high levels of GS or BMI showed significantly
(p-values < 0.0001) greater HOST. While those with high
levels of GS saw significantly (p = 0.0158) lower ANX.
The largest effects were seen for PA with POS (diff = 4.67,
r =0.232), HOST (diff = -2.72, r =-0.138), and ANX (diff
= -2.13, r = -0.110); BMI with HOST (diff = 2.72, r =
0.142); and GH with POS (diff = 5.25, r = 0.267), HOST
(diff = -3.89, r = -0.203), and ANX (diff = -4.87, r = -
0.257).

2022 Core HRS
Initial sample
N=15,856
Did not complete LBQ
N=11,402
N=4454
Less than 50 years of age
N =647
N=3,807
Non-positive sample weight
N=95
N=3712
Incomplete data
N=1,151
Final sample
N=2,561
Mean age = 66.3 years

Figure 2. Flow diagram for final sample size

Table 2 displays the bivariate Pearson correlations
between all study variables. This analysis highlights the
collinearity among and between the two sets (i.e.,
psychosocial and health & performance) of study
variables. Table 3 shows the results of the univariate
multiple regression analysis predicting POS with the
health and performance variables. The tests for the
regression coefficients indicate that all variables
significantly (p-values < 0.05) predict POS with the
exception of GS, BT, and MS. Examination of the
structure coefficients indicates, however, that PA (rs =

0.708), GH (rs = 0.820), MS (rs = 0.233), and BT (rs =
0.1829) were the strongest predictors of the explained
variance in POS.

Table 4 displays the same univariate multiple
regression analysis but predicting HOST with the health
and performance variables. The tests for the regression
coefficients indicate that all variables significantly (p-
values < 0.05) predict HOST with the exception of GS and
MS. Examination of the structure coefficients indicates
that PA (rs = -0.432), GH (rs = -0.612), SEX (rs = 0.484),
BMI (rs = 0.441), and GS (rs = 0.387) were the strongest
predictors of the explained variance in HOST. Table 5
contains the final univariate multiple regression analysis
predicting ANX with the health and performance variables.
The tests for the regression coefficients indicate that all
variables significantly (p-values < 0.05) predict ANX with
the exception of PA, GS, SEX, and MS. Examination of
the structure coefficients indicates, however, that GH (rs =
-0.935), PA (rs = -0.338), BT (rs = -0.261), and GS (rs = -
0.226) were the strongest predictors of the explained
variance in ANX.

Table 6 contains the multivariate multiple regression
analysis predicting the set of psychosocial outcome
variables with the set of health and performance variables.
The overall MANOVA model was significant (A = 0.7188,
F = 38.17, R* = 0.2812, p < 0.0001). The supporting
complex sampling adjusted SEM model found the same
univariate results as above and the same model coefficient
of determination (R* = 0.2812) as the MANOVA model.
Additionally, this analysis found that all predictors were
independently related to the set of psychosocial outcomes
with the exception of GS (A = 0.9966, F = 2.88, p =
0.2219) and MS (A = 0.9981, F = 1.66, p = 0.3340).
Analysis of the structure coefficients indicated GH (rg =
0.829, rs = 0.382) and PA (rs = 0.595, rg = 0.274) were
the strongest correlates of the explained variance found
from the synthetic predictor and outcome variates,
respectively. Conversely, GS (rs = -0.101, rg = -0.047)
and BT (rs = 0.140, rs = 0.065) were the weakest
correlates of the explained variance found from the
synthetic predictor and outcome variates, respectively.

Figure 3 displays a bubble graph scatter plot for the
synthetic outcome variate regressed onto the synthetic
predictor variate. The larger bubbles indicate that those
specific data points represent a larger estimated number of
older adults in the US population. The canonical
correlation coefficient for this associate was estimated to
be rcc = 0.460, p < 0.0001. Figure 4 displays a clustered
bar graph for means with 95% confidence intervals (ClIs)
of the synthetic psychosocial outcome variate across PA
and GH groups. The chart indicates a direct linear trend of
synthetic psychosocial trait across GH categories.
Highlighting that older adults rating their health better also
report more favorable psychosocial wellness. The linear
trend was significant (both p-values < 0.0001) for both PA
groups. The trend was stronger among those with high PA
(F = 83.76, R* = 0.121) as compared to those with low PA
(F =32.82, R*=0.106).
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Figure 3. Bubble graph scatter plot for the synthetic outcome variate regressed onto the synthetic predictor variate
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Figure 4. Clustered bar graph displaying the synthetic psychosocial outcome variate across physical activity (PA) and self-reported general health (GH)

groups
Table 1. Psychosocial outcome variable statistics across high and low health and performance categories
Low High Difference
Outcome N Mean SE N Mean SE diff r p

PA

POS 1,148 47.31 0.29 1,413 51.98 0.25 4.67 0.232 <0.0001
HOST 1,148 51.14 0.29 1,413 48.43 0.25 -2.72 -0.138 <0.0001
ANX 1,148 50.36 0.29 1,413 48.23 0.24 -2.13 -0.110 <0.0001

GS

POS 1,297 50.29 0.28 1,264 50.07 0.27 -0.22 -0.011 0.6577
HOST 1,297 48.18 0.27 1,264 50.53 0.27 2.35 0.122 <0.0001
ANX 1,297 49.69 0.27 1,264 48.55 0.26 -1.14 -0.060 0.0158

BT

POS 1,428 49.87 0.26 1,133 50.46 0.29 0.58 0.030 0.2705
HOST 1,428 49.13 0.25 1,133 49.82 0.29 0.69 0.036 0.1513
ANX 1,428 49.52 0.25 1,133 48.61 0.28 -0.91 -0.048 0.0513
BMI

POS 1,280 50.32 0.26 1,281 50.01 0.29 -0.31 -0.016 0.5067
HOST 1,280 48.15 0.28 1,281 50.87 0.25 2.72 0.142 <0.0001
ANX 1,280 49.22 0.27 1,281 48.89 0.26 -0.33 -0.018 0.5094

GH
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Low High Difference
Outcome N Mean SE N Mean SE diff r p
POS 1,414 4751 0.26 1,147 52.76 0.27 5.25 0.267 <0.0001
HOST 1,414 51.45 0.25 1,147 47.56 0.28 -3.89 -0.203 <0.0001
ANX 1,414 51.52 0.26 1,147 46.66 0.25 -4.87 -0.257 <0.0001

Note. N = 2,561. All mean estimates and correlations are weighted and p-values adjusted for the HRS complex sampling design using proc surveyreg.
Psychosocial outcome variables are IRT-derived factor T-scores with overall mean of 50 and SD of 10. diff is difference between group means. r is the
point-biserial correlation coefficient using the standardized beta weight from a binary predictor variable. Each high and low predictor group was split at
its approximate median value. POS is positive affect. HOST is hostility. ANX is anxiety. PA is physical activity. GS is grip strength. BT is balance test.
BMI is body mass index. GH is general health.

Table 2. Bivariate correlations between all study variables

Variable POS HOST ANX PA GS BT BMI GH AGE SEX MS

POS 1
HOST -0.2558 1

ANX -0.3921 0.2428 1

PA 0.2780 -0.1556 -0.1136 1

GS 0.0034 0.1394 -0.0761 0.2354 1

BT 0.0718 0.0023 -0.0877 0.2665 0.3133 1

BMI -0.0499 0.1586 -0.0219 -0.2518 0.0377 -0.0480 1

GH 0.3216 -0.2202 -0.3144 0.3517 0.0982 0.1861 -0.1749 1

AGE 0.0259 -0.1384 0.0017 -0.1636 -0.2737 -0.6456 -0.0846 -0.0821 1

SEX -0.0719 0.1742 -0.0035 0.1040 0.7181 0.0766 -0.0067 -0.0441 0.0107 1

MS 0.0915 -0.0193 -0.0561 0.1579 0.1754 0.1540 -0.0065 0.1437 -0.1200 0.1142 1

Note. N = 2,561. All correlations are weighted and p-values adjusted for the HRS complex sampling design using proc surveyreg. Underlined r-values are
not significant (p > 0.05). POS is positive affect. HOST is hostility. ANX is anxiety. PA is physical activity. GS is grip strength. BT is balance test. BMI is
body mass index. GH is general health. AGE is age in years. Sex is 1=male and O=female. MS is marital status where 1=married and O=not married.

Table 3. Univariate multiple regression predicting positive affect (POS)

IRT-derived POS outcome variable Synthetic predictor
Predictor b SE B p VIF r Fpart B rs
PA 1.2874 0.1588 0.2154 <0.0001 1.30 0.2780 0.2010 0.5489 0.7084
GS 0.0098 0.0375 0.0100 0.7944 2.66 0.0034 0.0067 0.0254 0.0087
BT 0.0250 0.0159 0.0535 0.1199 1.88 0.0718 0.0424 0.1363 0.1829
BMI 0.1033 0.0378 0.0601 0.0078 112 -0.0499 0.0617 0.1531 -0.1271
GH 2.6740 0.2372 0.2460 <0.0001 1.20 0.3216 0.2371 0.6267 0.8195
AGE 0.1599 0.0324 0.1295 <0.0001 1.87 0.0259 0.1025 0.3298 0.0659
SEX -1.9706 0.6873 -0.1002 0.0053 2.35 -0.0719 -0.0708 -0.2553 -0.1832
MS 0.8218 0.4927 0.0395 0.0993 1.06 0.0915 0.0416 0.1006 0.2331

Note. N = 2,561. All regression coefficients are weighted and p-values adjusted for the HRS sampling design using complex survey regression (proc
surveyreg). Overall univariate model: F = 63.55, R? = 0.1540, p <0.0001. POS values are IRT-derived factor T-scores with overall mean of 50 and SD
of 10. r is bivariate correlation with dependent variable. rs is structure coefficient and is the bivariate correlation between respective variable and the
synthetic variate. ry. is partial correlation with the dependent variable controlling for all other predictor variables. VIF is variance inflation factor.
Underlined r-values are not significant (two-tailed o = 0.05). Statistics for the synthetic predictor are associated with the variate formed using the
predictor variables.

Table 4. Univariate multiple regression predicting hostility (HOST)

IRT-derived HOST outcome variable Synthetic predictor
Predictor b SE B p VIF r Fpart B rs
PA -0.6534 0.1532 -0.1118 <0.0001 1.30 -0.1556 -0.1044 -0.3107 -0.4322
GS 0.0273 0.0397 0.0284 0.4941 2.66 0.1394 0.0187 0.0790 0.3872
BT -0.0444 0.0151 -0.0971 0.0043 1.88 0.0023 -0.0757 -0.2697 0.0065
BMI 0.1326 0.0490 0.0789 0.0084 112 0.1586 0.0798 0.2193 0.4405
GH -1.7048 0.2813 -0.1604 <0.0001 1.20 -0.2202 -0.1550 -0.4457 -0.6117
AGE -0.2676 0.0420 -0.2216 <0.0001 1.87 -0.1384 -0.1713 -0.6157 -0.3846
SEX 3.2729 0.7800 0.1702 <0.0001 2.35 0.1742 0.1181 0.4730 0.4838
MS -0.2867 0.4391 -0.0141 0.5157 1.06 -0.0193 -0.0146 -0.0391 -0.0535

Note. N = 2,561. All regression coefficients are weighted and p-values adjusted for the HRS sampling design using complex survey regression (proc
surveyreg). Overall univariate model: F = 43.46, R? = 0.1295, p <0.0001. HOST values are IRT-derived factor T-scores with overall mean of 50 and SD
of 10. r is bivariate correlation with dependent variable. rs is structure coefficient and is the bivariate correlation between respective variable and the
synthetic variate. ry is partial correlation with the dependent variable controlling for all other predictor variables. VIF is variance inflation factor.
Underlined r-values are not significant (two-tailed o = 0.05). Statistics for the synthetic predictor are associated with the variate formed using the
predictor variables.
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Table 5. Univariate multiple regression predicting anxiety (ANX)

IRT-derived ANX outcome variable Synthetic predictor

Predictor b SE B p VIF r Fpart B rs
PA -0.0523 0.1525 -0.0091 0.7327 1.30 -0.1136 -0.0085 0.0270 -0.3378
GS -0.0724 0.0408 -0.0766 0.0793 2.66 -0.0761 -0.0498 0.2277 -0.2262
BT -0.0355 0.0141 -0.0787 0.0139 1.88 -0.0877 -0.0608 0.2338 -0.2605

BMI -0.1459 0.0418 -0.0881 0.0008 112 -0.0219 -0.0881 0.2618 -0.0652
GH -3.2544 0.2370 -0.3107 <0.0001 1.20 -0.3144 -0.2883 0.9234 -0.9345
AGE -0.1253 0.0422 -0.1053 0.0040 1.87 0.0017 -0.0816 0.3130 0.0052
SEX 0.8655 0.7417 0.0457 0.2467 2.35 -0.0035 0.0316 -0.1358 -0.0103
MS -0.0581 0.5281 -0.0029 0.9127 1.06 -0.0561 -0.0030 0.0086 -0.1668

Note. N = 2,561. All regression coefficients are weighted and p-values adjusted for the HRS sampling design using complex survey regression (proc
surveyreg). Overall univariate model: F = 38.16, R? = 0.1132, p <0.0001. ANX are IRT-derived factor T-scores with overall mean of 50 and SD of 10. r
is bivariate correlation with dependent variable. rs is structure coefficient and is the bivariate correlation between respective variable and the synthetic
variate. ryar is partial correlation with the dependent variable controlling for all other predictor variables. VIF is variance inflation factor. Underlined r-
values are not significant (two-tailed o = 0.05). Statistics for the synthetic predictor are associated with the variate formed using the predictor variables.

Table 6. Multivariate multiple regression predicting psychosocial outcome variables with health and performance variables

MANOVA Synthetic outcome Synthetic predictor
Predictor A F p p° B rs B rs
PA 0.9499 44.80 <0.0001 <0.0001 0.1882 0.2736 0.4090 0.5947
GS 0.9966 2.88 0.0345 0.2219 0.0114 -0.0466 0.0247 -0.1013
BT 0.9918 7.00 0.0001 0.0020 0.0994 0.0645 0.2159 0.1403
BMI 0.9805 16.91 <0.0001 <0.0001 0.0203 -0.1019 0.0442 -0.2216
GH 0.8918 103.09 <0.0001 <0.0001 0.3054 0.3815 0.6638 0.8293
AGE 0.9647 31.10 <0.0001 <0.0001 0.2128 0.0825 0.4625 0.1794
SEX 0.9834 14.37 <0.0001 0.0001 -0.1552 -0.1276 -0.3373 -0.2773
MS 0.9981 1.66 0.1743 0.3440 0.0317 0.0792 0.0689 0.1721

Note. N = 2,561. p* are for weighted tests but not adjusted for complex sampling. p® are for complex sampling adjusted tests using SEM. MANOVA
model: A = 0.7188, F = 38.17, R? = 0.2812, p < 0.0001. SEM model: R? = 0.2812. The rcc = 0.4601. Psychosocial outcome variables are IRT-derived
factor T-scores with overall mean of 50 and SD of 10. Each MANOVA F statistic tests the null hypothesis that all 3 partial slopes between respective
predictor and the 3 outcome variables are zero, while holding all other predictor variables constant. A is Wilks' Lambda. rs is structure coefficient and is
the bivariate correlation between respective variable and the synthetic variate. rcc is canonical correlation and is the bivariate correlation between the
synthetic outcome and synthetic predictor variates. The rs values for positive affect, hostility, and anxiety are 0.8233, -0.7188, and -0.6046 for the
synthetic outcome and 0.3780, -0.3300, and -0.2776 for the synthetic predictor, respectively. Statistics for the synthetic predictor are associated with the
variate formed using the predictor variables. Statistics for the synthetic outcome are associated with the variate formed using the outcome variables.

4. Discussion

This study utilized two statistical procedures that make
its findings unique and worthy of discussion. The first was
the computation and reporting of structure coefficients (rs)
alongside the multiple regression models. As previously
mentioned, structure coefficients are the bivariate
correlations between each predictor variable and the
newly created synthetic variate in a regression analysis
[17]. Structure coefficients can be conceptually defined
and computed in two different ways in the multiple
regression case: 1) as the bivariate correlation calculated
between a predictor variable and the outputted predicted
values from the regression model or 2) as the bivariate
correlation between a predictor variable and the outcome
(i.e., dependent) variable divided by the model’s multiple
correlation coefficient [21]. The former definition is the
more intuitive concept, and the latter is likely the easier
calculation method. In either case, structure coefficients
have the advantage of showing how strongly each
predictor relates to the entire regression model [22]. Thus,
structure coefficients can assess a predictor variable’s total
contribution to the regression model and not just its
unique contribution as in the case of standardized slopes
(i.e., beta weights).

In the current study, structure coefficients helped

identify certain predictors as more important for their
respective model’s explained variance. For example, in
the regression analysis predicting POS, PA and GH were
clearly the strongest predictors when examining the
standardized slopes or the structure coefficients. However,
in that same model, MS showed one of the weakest, in
fact non-significant, standardized slopes but the third
strongest structure coefficient. Thus, a conventional
regression analysis would result in findings that
minimized the effect of MS on POS in older adults. Since
MS was coded for married (1) versus not married (0), the
positive slope indicated that married adults reported
greater POS. Similar findings have been found using
retirement data of Europeans, where stable marriage status
was predictive of greater well-being [23]. The current
analysis of structure coefficients saw a similar finding in
the regression model predicting HOST. This model saw
GS with one of the weakest, in fact non-significant,
standardized slopes but a sizeable structure coefficient.
Interestingly, GS was positively associated with HOST, as
seen by all model statistics. This finding has been reported
by others, albeit among young college-aged males [24].
Nevertheless, the conventional regression analysis would
have concluded that GS was not independently associated
with HOST in older adult populations. In the current
study’s regression analysis predicting ANX, both PA and
GS had non-significant standardized slopes, yet each had
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relatively large structure coefficients. In the conventional
regression analysis predicting HOST, results would have
focused on GH, BT, and BMI as independent predictors
because of the size of the standardized slopes and
minimized the influence of both PA and GS. A
prospective cohort study consisting of older adults 50+
years of age showed that greater hand grip strength was
associated with lower odds of developing generalized
anxiety disorder, thus corroborating the current findings
[25]. Additionally, a meta-analysis of 13 randomized-
controlled trials found that PA as an intervention reduced
symptoms of anxiety among older participants, again,
corroborating the findings of the current study [26].

Finally, when examining the structure coefficients from
the multivariate model, the structure coefficients aided the
conventional analysis by providing measures of effect size
to help interpret each predictor’s influence on the model.
For example, the conventional multivariate analysis would
focus on the size of the Wilks' Lambda (1)) statistics and
their p-values. In this case GH and PA are considered the
most influential predictors of the set of psychosocial
outcome variables. However, the structure coefficients
provide intuitive measures of effect that confirm that GH
and PA are indeed the strongest variables associated with
their own synthetic (predictor) variate as well as the
psychosocial (outcome) variate. Although no studies
appear to have used the same set of psychosocial
outcomes nor have any applied multivariate analyses to a
set of psychosocial outcomes in the same context, there
are numerous studies that corroborate the link between PA
and mental health constructs. For example, a meta-
analysis study of 11 meta-analyses reported a robust link
between PA and depression among older adults living in
care settings [27]. Moreover, a large health surveillance
study of older Chinese adults showed that self-rated health
was associated with both mental health and social
relationships [28]. Thus, the findings in the current study
are indirectly supported in the literature of univariate
analyses.

In a similar respect, the conventional multivariate
analysis in the current study found that GS, BT, and MS
were the weakest predictors of the set of psychosocial
outcome variables. The structure coefficients confirmed
that these predictors are in fact dimly associated with their
own synthetic (predictor) variate as well as the
psychosocial (outcome) variate. There are some data,
however, that appear to counter these findings. For
example, a casual-comparative study of adults with
anxiety versus healthy controls found that participants
with anxiety had greater balance deficiency and lower
muscle strength [29]. The univariate model of ANX in the
current study did in fact see a significant association with
the BT predictor variable and relatively strong structure
coefficients for both BT and GS. Nonetheless, these
predictors were not strongly associated with the multi-
item psychosocial construct.

The second statistical procedure that makes this study’s
findings unique and noteworthy is its use of the
multivariate form of multiple regression. Multivariate
multiple regression is an advanced statistical technique
that extends multiple regression to include multiple
outcome variables. The primary multivariate test
examined the extent to which a linear association exists

between the set of health and performance variables and
the set of psychosocial variables. The findings indicate
that in fact such an association does exist in the older adult
population. It should be highlighted that the three outcome
variables under study were examined simultaneously in
the multivariate model and thus behave as a psychosocial
construct. This fact makes the multivariate multiple
regression model especially robust. The secondary set of
multivariate tests examined the extent to which the
predictor variables independently predicted the outcome
variables. The results indicated that all health and
performance predictors independently related to the set of
psychosocial outcomes except GS and MS. Additionally,
although BT was a significant predictor, it had a weak
contribution when inspecting its multivariate statistics.
Thus, the multivariate multiple regression analysis found
that GS, BT, and MS were the weaker predictors of the
psychosocial construct in older adults. Findings that are
supported by the relative size of their structure coefficients.

A final point worth discussing is the differential effects
observed across the three different univariate multiple
regression analyses. One interesting finding is the fact that
PA was found to have a much greater influence on POS
than on HOST or ANX. This was observed by comparing
the standardized slopes from the univariate regression as
well as the structure coefficients. Not surprisingly, others
have shown a strong connection between PA and positive
emotions in older adults [30]. However, the extent to
which PA influenced positive emotions more than other
psychosocial concepts has not been previously examined.
Another interesting finding regarding the differences
between outcome variables was that BMI had a positive
association with HOST and a negative and positive
relationship with ANX and POS, respectively. Said
differently, BMI had contrasting effects on these traits,
such that a higher BMI was associated with greater HOST
but lower ANX and greater POS. There does not appear to
be data supporting this specific finding in the literature.
One study showed a BMI connection with peer aggression,
albeit among Chinese children [31]. Thus, more research
is needed to better understand the association between
BMI and self-reported aggression in older adults.

This research has some limitations. First, several
variables were assessed using self-reported questionnaires,
and thus bias and measurement error are a concern. Given
this limitation, the POS, HOST, and ANX scales used in
the HRS have excellent psychometric properties, which
the current study-level reliability coefficients confirmed.
Therefore, measurement error is likely less of an issue
than one might expect from typical survey research.
Similarly, the PA and GH predictor variables were
assessed using self-reported survey responses. AS
previously mentioned, however, PA was assessed using an
IRT-validated 3-item scale, and so measurement error is
also less likely an issue [15]. The GH predictor variable
was assessed using a single self-reported question and
could also be affected by measurement error. Although the
single item used has a long-standing reputation of high
quality for both its reliability and predictive validity
[32,33]. Second, the analytical approach in this study used
a complete-case analysis and therefore omitted
participants with missing data from the psychosocial
scales (i.e., the LBQ), the handgrip strength and balance
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tests, as well as any other variables included in the
statistical procedures. This type of missing data treatment
can be argued as biased when the missing data are missing
not at random (MNAR) or missing at random (MAR).
Missing data can be problematic and thus cause bias,
especially in aging research because older adults are more
likely to suffer cognitive, health, and functional
impairments that interfere with the data collection
procedures [34]. While various methods exist to handle
missing survey data, it was decided here to take a
conservative approach and analyze only the observed
responses rather than risk imputing inaccurate values
[35,36]. Third, although AGE, SEX, and MS were used as
health-related covariates on the predictor variable side of
the regression analyses, a measure of household income
was not included. Income is a known predictor of both
physical and mental health status in older adult
populations and is often used as a covariate in research to
control for potential confounding effects [37]. Despite this
limitation, the self-rated health (GH) variable used in the
current study is a widely accepted correlate of income and
was considered here as an adequate partial proxy
[38,39,40]. Lastly, the research design used in this study
was cross-sectional and correlational and therefore unable
to show cause-and-effect associations. Therefore, this
study is incapable of showing that the predictor variables
all precede the outcome variables. As a consequence, it is
likely that some health and performance assessments were
influenced by the psychosocial status of the older adult
participants. Future research is warranted using
prospective designs to further examine the extent to which
health and performance status influences psychosocial
wellness. Is summary, the findings in this study should be
evaluated while considering these limitations and reflected
upon judiciously.

5. Conclusions

Findings from this study indicate that health and
performance measures can independently predict
psychosocial outcomes in older adults. Additionally, the
same set of predictors also appeared valid as a construct
for predicting a synthetic psychosocial variable. Notably,
specific health metrics—such as self-rated health and
leisure activity—were strong predictors of psychosocial
wellness.  Conversely, performance measures like
handgrip strength and balance showed only a weak
relationship.
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