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A B S T R A C T   

Introduction: Multimorbidity, the presence of multiple chronic health conditions, generally starts in middle and 
older age but there is considerable heterogeneity in the trajectory of morbidity accumulation. This study aimed 
to clarify the number of distinct trajectories and the potential associations between race/ethnicity and socio
economic status and these trajectories. 
Methods: Data from 13,699 respondents (age ≥51) in the Health and Retirement Study between 1998 and 2016 
were analyzed with growth mixture models. Nine prevalent self-reported morbidities (arthritis, cancer, cognitive 
impairment, depressive symptoms, diabetes, heart disease, hypertension, lung disease, stroke) were summed for 
the morbidity count. 
Results: Three trajectories of morbidity accumulation were identified: low [starting with few morbidities and 
accumulating them slowly (i.e., low intercept and low slope); 80% of sample], increasing (i.e., low intercept and 
high slope; 9%), and high (i.e., high intercept and low slope; 11%). Compared to non-Hispanic (NH) White adults 
in covariate-adjusted models, NH Black adults had disadvantages while Hispanic adults had advantages. Our 
results suggest a protective effect of education for NH Black adults (i.e., racial health disparities observed at low 
education were ameliorated and then eliminated at increasing levels of education) and a reverse pattern for 
Hispanic adults (i.e., increasing levels of education was found to dampen the advantages Hispanic adults had at 
low education). Compared with NH White adults, higher levels of wealth were protective for both NH Black 
adults (i.e., reducing or reversing racial health disparities observed at low wealth) and Hispanic adults (i.e., 
increasing the initial health advantages observed at low wealth). 
Conclusion: These findings have implications for addressing health disparities through more precise targeting of 
public health interventions. This work highlights the imperative to address socioeconomic inequalities that 
interact with race/ethnicity in complex ways to erode health.   

1. Introduction 

Multimorbidity, the co-occurrence of multiple chronic morbidities, is 
associated with greater healthcare costs, poorer quality of life, and 
higher risk of mortality (Marques et al., 2018; Schiøtz et al., 2017; Wei & 
Mukamal, 2018). Multimorbidity generally starts in middle and old age, 

but younger generations have been developing multimorbidity at earlier 
ages than their predecessors, signaling a growing problem (Bishop et al., 
2022; Canizares et al., 2018; Violan et al., 2014). Even in the same age 
group, the prevalence of multimorbidity has been found to vary greatly 
(Strauss et al., 2014). The elevated risks of multimorbidity necessitate a 
more complete understanding of how morbidities accumulate and the 
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social and economic inequality that may put some individuals at greater 
risk of multimorbidity (Pathirana & Jackson, 2018; Quiñones et al., 
2019). Studies seeking to identify homogenous latent classes demon
strating distinct trajectories of morbidity accumulation from within the 
larger population have generally found three to four classes consisting of 
a relatively morbidity-free trajectory, a relatively high morbidity tra
jectory, and at least one trajectory that is rapidly accumulating mor
bidities over time (e.g., Lee et al., 2021; Tarraf et al., 2020; Wickrama 
et al., 2013). The variation found in both the number and types of tra
jectories may be due to differences in sample (e.g., age group) and 
methodology (e.g., morbidity operationalization). It is critical to un
derstand how these changes occur over time for populations at most at 
risk for multimorbidity. 

1.1. Racial, ethnic, and socioeconomic differences in morbidity 
accumulation 

Race/ethnicity and SES are highly correlated and are each important 
social determinants of health (LaVeist, 2005). Social inequality creates 
conditions that erode health (e.g., heavy pollution, interpersonal 
discrimination, occupational hazards) while limiting access to resources 
that protect and promote health (e.g., healthcare, nutritious food) for 
marginalized racial/ethnic groups and for individuals with low socio
economic status (SES) (e.g., Williams & Sternthal, 2010). Little research 
has explored how these racial/ethnic and socioeconomic factors interact 
to produce different trajectories of morbidity accumulation. It is 
important to disentangle the effects of race/ethnicity and SES as they are 
often overlapping yet independent social determinants of health 
(LaVeist, 2005). Understanding how these factors interplay can help 
identify the most at-risk populations so that preventative care can be 
delivered early and to provide further rationale and direction for pol
icies and programs that reduce social inequality. 

Research about the prevalence of multimorbidity and the rate of 
morbidity accumulation has found largely consistent patterns by race/ 
ethnicity (e.g., Ashworth et al., 2019; Quiñones et al., 2011, 2019; St 
Sauver et al., 2015; Tarraf et al., 2020). Non-Hispanic (NH) Black adults 
have the greatest prevalence of multimorbidity in each age category of 
any racial/ethnic group whereas Hispanic adults had lower prevalence 
rates than their NH White counterparts (Caraballo et al., 2021). St 
Sauver et al. (2015) found that the incidence of multimorbidity 
increased more rapidly among NH Black patients than NH White pa
tients. NH Black middle-aged and older adults had higher initial mor
bidities than NH White adults but accumulated morbidities at a slower 
rate (Quiñones et al., 2011, 2019). Hispanic Americans have sometimes 
been found to have equivalent or better health than their NH White 
counterparts despite having a higher likelihood of experiencing SES 
conditions that are predictive of poorer health (e.g., higher poverty 
rates). This phenomenon is commonly referred to as the ‘Hispanic health 
paradox’ (Markides & Eschbach, 2005), which has received mixed 
support in research examining morbidity trajectories. Although His
panic adults tend to have fewer initial morbidities than NH White adults, 
one area of uncertainty with respect to the differences between Hispanic 
and NH White health differences is in multimorbidity accumulation such 
that some studies have found slower accumulation while others have 
found faster accumulation (Quiñones et al., 2011, 2019). Tarraf et al. 
(2020) found that Hispanic participants had greater likelihood of being 
in the healthy versus the nonaccelerated trajectory class but also had 
greater likelihood of being in the high versus the nonaccelerated tra
jectory class than their NH White counterparts. Illuminating the SES 
conditions under which the Hispanic health paradox is observed in 
morbidity accumulation studies may help explain the apparent dis
crepancies in this area. 

Meta-analyses have found that SES is inversely associated with the 
prevalence of multimorbidity such that having less education, income, 
and wealth are associated with greater odds of having multimorbidity 
(Pathirana & Jackson, 2018; Violan et al., 2014). Taken together, social 

inequalities are reflected in disproportionately high prevalence of mul
timorbidity in NH Black adults, those with fewer financial resources, and 
those with lower educational attainment. 

1.2. The interplay between SES and race/ethnicity on morbidity 
accumulation 

Sociological research has documented that SES interacts with race/ 
ethnicity in complex ways to impact health (Williams & Sternthal, 
2010). SES factors can account for some racial health disparities (Clark 
et al., 2016; Khullar & Chokshi, 2018). However, some research has 
shown that Black-White racial health disparities remain or are more 
pronounced at higher levels of income, potentially because White adults 
see relatively greater health gains at higher levels of income (Colen 
et al., 2018). Accordingly, the diminishing returns hypothesis asserts 
that marginalized racial/ethnic groups see decreasing returns in their 
health improvement as their SES increases (Farmer & Ferraro, 2005). 
Further work is needed to investigate the possible interaction between 
race/ethnicity and SES on morbidity accumulation. 

1.3. Current study 

The purpose of this study is to identify latent subpopulations with 
distinct trajectories of morbidity accumulation within a sample of 
middle-aged to older adults, elucidate the connections between race/ 
ethnicity and morbidity trajectories, and investigate how SES moderates 
(i.e., modifies) the associations between race/ethnicity and morbidity 
trajectories. Specifically, we conceptualized education and wealth to be 
moderators of the connections between race/ethnicity and morbidity 
trajectories. Four research questions were examined: (1) what are the 
distinctive trajectories of morbidity accumulation in older adults aged 
≥51, (2) what is the influence of race/ethnicity on these morbidity 
trajectories, (3) how does education moderate the association between 
race/ethnicity and morbidity trajectory, and (4) how does wealth 
moderate the association between race/ethnicity and morbidity trajec
tory? Answering these questions would help researchers, policymakers, 
and clinicians better understand how older adults from these racial, 
ethnic, and socioeconomic backgrounds vary in their patterns of 
morbidity accumulation. This study will make several contributions by 
investigating how race/ethnicity, education, wealth, and the intersec
tion of these factors account for differences in the trajectory of morbidity 
accumulation. 

2. Material and methods 

2.1. Data 

Analyses used eighteen years of data from the Health and Retirement 
Study (HRS) (1998–2016), a nationally representative sample of 
community-based adults aged 51 years and older. Residents of nursing 
homes, those who did not participate in the initial wave, and those who 
did not contribute to the morbidity outcome for the first wave were 
excluded. Additionally, participants with missing race/ethnicity (n =
497) or who indicated American Indian, Asian, or “other” race/ethnic
ities (n = 1,088 across these groups) were excluded due to small group 
sizes. The final analytic sample (N = 13,699) was 63.05 years of age on 
average (SD = 8.90) in 1998; 59.30% female; 76.84% NH White, 
13.22% NH Black, and 8.21% Hispanic; 91.05% U.S. born; with an 
average of 12.25 years of education (SD = 3.28); median wealth (USD) 
of $143,000 (interquartile range: $50,000 - $352,000); and an average 
of 1.58 morbidities (SD = 1.29) in 1998. 

2.2. Measures 

Morbidity. Morbidity was measured as the sum of nine possible self- 
reported chronic conditions available from the data source. Respondents 
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were asked “Has a doctor ever told you that you have/had … ?” the 
following conditions: arthritis, cancer (excluding skin cancer), cognitive 
impairment, depressive symptoms, diabetes, heart disease, hyperten
sion, lung disease (excluding asthma), and stroke. Cutoff values were 
used to determine the presence of high depressive symptoms (CESD 8- 
item score ≥4; Radloff, 1977; Turvey et al., 1999) and cognitive 
impairment (≤10 or less on the 35-point scale for the Telephone Inter
view for Cognitive Status). We utilized an adjudication method for 
resolving inconsistent reports of morbidity over time for somatic mor
bidities (Cigolle et al., 2018). 

Education. Educational attainment was assessed as number of years 
of schooling (range 0–17). 

Wealth. Wealth was assessed in 1998 with the RAND household net 
worth variable (i.e., total wealth minus total debt; in US dollars) to 
encapsulate the total level of financial resources for retired individuals 
or those nearing retirement age (LaVeist, 2005). 

Race/ethnicity. Race/ethnicity were recoded into mutually exclusive 
categories, using NH White adults as the referent group: Hispanic vs. NH 
White (0 =NH White, 1 = Hispanic) and NH Black vs. NH White (0 =NH 
White, 1 = NH Black). 

Covariates. Models included the following covariates assessed in 
1998: age (in years), alcoholic drinks consumed per week (number 
drinking days/week * number drinks/day), body mass index (BMI, 
computed with self-reported height and weight), nativity (0 = foreign- 
born, 1 = born in the U.S.), physical activity (0 = no regular vigorous 
physical activity over the last year, 1 = engaged in such physical ac
tivity), sex (0 = male, 1 = female), current smoker, and former smoker. 
Covariate selection was guided by prior research and includes covariates 
that might be confounded with race/ethnicity. 

2.3. Statistical methodology 

Analyses were conducted with Mplus (version 8; Muthén & Muthén, 
2018) using full information maximum likelihood (FIML) for missing 
data with robust estimation (Yuan & Bentler, 2000), which has been 
shown to produce less biased parameter estimates and more accurate 
standard errors than listwise deletion (Collins et al., 2001). Baseline 
sample weights and sampling design adjustments were applied to all 
analyses (Heeringa & Connor, 1995). 

Analyses were conducted in three phases, each employing growth 
mixture models (GMMs), where the outcome for each model was 
probable membership in a morbidity trajectory class versus another 
relative to the referent racial/ethnic group (NH White adults). In the first 
phase, we used unconditional GMMs to identify homogeneous sub- 
populations where separate trajectories are based on initial number of 
morbidities (intercept) and rate of accumulation (slope) for each sub- 
population (Jung & Wickrama, 2008). We assessed three to five 
morbidity trajectories for goodness of fit based on previous studies (e.g., 
Tarraf et al., 2020), following recommendations for optimal class 
enumeration by examining several fit indices including the Bayesian 
information criterion (BIC), bootstrapped likelihood ratio test (BLRT), 
and entropy (Collins & Lanza, 2010; Nylund et al., 2007). We also tested 
multiple forms (linear, quadratic) in the one-class solution. 

In the second phase, we examined how race/ethnicity and SES are 
associated with class membership. Estimates of these associations (be
tween primary study variables and the likelihood of belonging to each 
trajectory class) are multinomial logistic path coefficients in which one 
outcome class serves as the comparison group. In the third phase, we 
used these models to detect and probe interactions of race/ethnicity and 
SES on class membership. Separate models were estimated for SES 
variables (education, wealth) while controlling for the other SES vari
able along with other covariates. In this way, both education and wealth 
were included as a predictor/covariate in all associative models. For 
each model an interaction term was computed for race/ethnicity and 
SES. Significant interaction coefficients do not provide information 
about the nature and direction of the differences, so we conducted a 

series of simple effects tests to probe the nature of these interactions 
(Aiken & West, 1991; Jaccard, 2001). The simple effects tests assessed 6 
separate models to obtain estimates for each level (i.e., low, medium, 
and high) of education and wealth. To categorize levels of education, we 
used conventional values of one standard deviation below the mean for 
low education (9.1 years of education), the mean for medium education 
(12.4 years), and one standard deviation above the mean for high edu
cation (15.7 years). Because wealth was highly skewed, we used quar
tiles for the levels. The 25th percentile was assigned for low wealth ($50, 
000.00), the median for medium wealth ($143,000.00), and the 75th 
percentile for high wealth ($342,000.00). The methodological approach 
is more complicated than a standard interaction model because we were 
interested in interactions between SES variables, which are continuous, 
and race/ethnicity, which involves two categorical dummy variables, on 
their association with trajectories rather than association with a 
cross-sectional outcome. To improve interpretability of class member
ship probabilities and simple effects, most predictors/covariates were 
grand mean-centered except race/ethnicity, sex, nativity, physical ac
tivity, and smoking status. 

3. Results 

3.1. Phase 1: Unconditional GMM models 

Unconditional (i.e., which include no predictors) latent class models 
were first used to investigate the number of latent trajectory classes. The 
initial model that included a quadratic trajectory along with a linear 
trajectory of the morbidity index (BIC = 255,775.37) fit better than the 
model with just a linear effect alone (BIC = 261,884.91). Although the 
quadratic effect was significant in the initial model, its magnitude was 
small (β = -0.001, β* = -0.045, p < .01) compared with the linear effect 
(β = 0.215, β* = 0.682, p <. 001). Given that the small effect size of the 
quadratic effect was likely to have minimal statistical impact on the 
other estimates while being of little clinical importance, we proceeded 
to investigate latent trajectory classes specifying a linear trajectory. Fit 
indices obtained from the class enumeration process are presented in 
Table 1. Although the BLRT was significant for every model, indicating 
better fit than preceding models with fewer classes, the statistical power 
of these tests was high due to the large sample size. Prior work docu
ments a general tendency to overestimate the number of classes (Bauer 
& Curran, 2003; Nylund-Gibson & Choi, 2018), therefore distinguishing 
between statistical significance and practical differences in fit is 
important. Following recommendations (Nylund-Gibson & Choi, 2018), 
we plotted each model’s BIC values (Fig. 1). The plot shows gradually 
decreasing BIC values up to three class and then a plateau after three 
classes (i.e., the ‘elbow’ of the line). This suggests that three-class so
lution was the optimal and most parsimonious representation of the 
data. 

The three-class model had three meaningful morbidity trajectory 
patterns, which we refer to as “low trajectory class,” “increasing tra
jectory class,” and “high trajectory class.” Individuals in the low tra
jectory class started with relatively few morbidities (intercept: β = 1.09, 
SE = 0.03, p < .001) that increased gradually (slope: β = 0.18, SE = 0.00, 
p < .001). This was the healthiest group and included most of the sample 

Table 1 
Class enumeration of latent multimorbidity trajectories (N = 13,699).  

Number of Trajectories BIC BLRT p Entropy 

1 261,884.91 – – 
2 260,956.55 .000 .717 
3 260,175.42 .000 .707 
4 259,946.25 .000 .703 
5 259,741.28 .000 .700  

Abbreviations: BIC = Bayesian Information Criteria, BLRT p = bootstrapped 
likelihood ratio test p-value. 
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(n = 10,950; 80%). Individuals in the increasing trajectory class (n =
1,175; 9%) started with relatively few morbidities (intercept: β = 1.00, 
SE = 0.06, p < .001) but increased rapidly (slope: β = 0.51, SE = 0.02, p 
< .001), acquiring approximately 0.51 morbidities per wave. In
dividuals in the high trajectory class (n = 1,574, 11%) started with the 
most morbidities (intercept: β = 3.45, SE = 0.10, p < .001) and increased 
slowly (slope: β = 0.15, SE = 0.01, p < .001). Fig. 2 presents a line graph 
of the trajectories. Entropy for the three-class model was 0.707. Table 2 
presents overall and class-specific demographic information. 

3.2. Phase 2: Associative models 

We next examined how race/ethnicity and SES are associated with 
membership into morbidity trajectories. The first associative model 
regressed probable class membership on race/ethnicity (Table 3). Mul
tiple significant effects were evident for NH Black adults but not His
panic adults. For example, NH Black adults were almost three times as 
likely as NH White adults to belong to the high versus the low trajectory 
(OR = 2.925, 95% CI [2.419, 3.537], p < .001). 

The second associative model built on the first by adding SES vari
ables and covariates (Table 4). Across the outcome comparisons, sig
nificant effects were evident for NH Black adults (i.e., disadvantages 
compared with NH White adults) while only one significant effect was 
observed for Hispanic adults (i.e., an advantage compared with NH 
White adults). Notably, the health advantage for Hispanic adults re
flected a difference in the initial number of morbidities [less likely to 

belong to the high versus the low trajectory class than NH White adults 
(OR = 0.416, 95% CI (0.238, 0.728), p < .01)] but not the rate of 
morbidity accumulation [less likely to belong to the increasing versus 
the low trajectory class (OR = 0.935, 95% CI [0.503, 1.739], p = ns)]. 
Significant effects emerged for education but not wealth: a unit increase 
in education resulted in a moderate reduction of the likelihood of 
belonging to the high rather than low trajectory (OR = 0.780, 95% CI 
[0.724, 0.840], p < .001). 

3.3. Phase 3: Moderation detection and probing models 

We next examined potential interactions of race/ethnicity and SES 
on membership of morbidity trajectories and present these in Table 5. A 
significant interaction was detected between education and the His
panic/NH White comparison, and significant interactions were detected 
between wealth and the Hispanic/NH White and the NH Black/NH 
White comparisons. 

Analyses probing the interactions at low, medium, and high SES 
levels are presented in Table 6. Health advantages for Hispanic adults 
diminished as education increased, suggesting that education did not 
provide protective effects for this group. Hispanic adults with lower 
levels of education were significantly less likely to belong to the high 
versus the low trajectory class (OR = 0.398, 95% CI [0.236, 0.671], p <
.01) than NH White adults, whereas there was no such difference at 
medium or high levels of education. In contrast, education provided 
protective effects for NH Black adults such that the detrimental effects 

Fig. 1. Scree plot comparing the BIC model fit of class solutions with an increasing number of trajectory classes.  

Fig. 2. Graph of the low, increasing, and high trajectories from the unconditional model (N = 13,699).  
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that emerged at the low and medium levels of education disappeared at 
the high level of education. For example, NH Black adults with a low 
level of education were more than two and a half times as likely to 
belong to the high versus the low trajectory class (OR = 2.790, 95% CI 
[1.430, 5.446], p < .01) whereas there was no such difference for those 
with a high level of education (OR = 1.398, 95% CI [0.813, 2.403], p =
ns). A similar pattern was found for NH Black compared with NH White 
adults belonging to the increasing versus the low trajectory class, such 
that the large difference at the low level of education (OR = 2.242, 95% 
CI [1.186, 4.239], p < .05), a smaller difference at the medium level of 
education (OR = 1.599, 95% CI [1.075, 2.381], p < .05), and no dif
ference at the high level of education (OR = 1.200, CI 95% [0.695, 
2.073], p = ns). 

Results suggested that increasing wealth plays a protective role for 
NH Black adults and Hispanic adults. For low wealth, NH Black adults 
had almost twice the likelihood of belonging to the high versus the low 
trajectory class than NH White adults (OR = 1.942, 95% CI [1.312, 
2.876], p < .01). For medium wealth, no significant differences were 
found. At high wealth, NH Black adults had substantially lower likeli
hood of belonging to the high versus the low trajectory class than NH 
White adults (OR = 0.193, 95% CI [0.041, 0.906], p < .05) (i.e., the 
racial health disparity seemed to reverse). At low wealth, Hispanic 

Table 2 
Demographic characteristics of the total study sample at 1998 (N = 13,699).  

Variable Overall 
Sample 

Class 1 Class 2 Class 3 

Low 
Trajectory 

Increasing 
Trajectory 

High 
Trajectory 

N (% of sample) 13,699 
(100%) 

10,950 
(80%) 

1,175 (9%) 1,574 
(11%) 

Age, mean (SD) 63.05 
(8.90) 

62.35 
(8.79) 

65.06 (8.92) 65.83 
(8.81) 

Female, n (%) 8,124 
(59.30%) 

6,323 
(59.30%) 

625 
(51.61%) 

1,176 
(64.40%) 

Race/Ethnicity 
Hispanic, n (%) 1,103 

(8.21%) 
829 
(7.93%) 

102 (8.52%) 172 
(9.59%) 

NH Black, n (%) 1,811 
(13.22%) 

1,287 
(12.32%) 

140 
(11.70%) 

384 
(21.42%) 

NH White, n (%) 10,525 
(76.84%) 

8,333 
(79.75%) 

955 
(79.78%) 

1,237 
(68.99%) 

Socioeconomic 
status     
Years of 
education, mean 
(SD) 

12.25 
(3.28) 

12.54 
(3.15) 

11.90 (3.29) 10.84 
(3.57) 

Wealth (USD), 
median (IQR) 

$143,000 
($50,000 - 
$352,000) 

$161,350 
($59,000 – 
$389,000) 

$126,000 
($43,200- 
$303,500) 

$66,400 
($9,400- 
$195,500) 

Nativity 
U.S.-born, n (%) 12,458 

(91.05%) 
9,670 
(90.82%) 

1,115 
(92.15%) 

1,673 
(91.67%) 

Health and lifestyle 
Number of 
morbidities, 
mean (SD) 

1.58 (1.29) 1.25 (0.99) 1.27 (1.00) 3.73 (1.02) 

No morbidities at 
baseline, n (%) 

3,025 
(22.08%) 

2,718 
(25.82%) 

307 
(26.13%) 

0 (0%) 

No morbidities at 
final wave, n (%) 

285 
(2.08%) 

285 
(2.60%) 

0 (0%) 0 (0%) 

BMI, mean (SD) 27.39 
(5.21) 

26.98 
(4.86) 

27.83 (5.69) 29.47 
(6.21) 

Engaged in 
regular physical 
activity in the 
last year, n (%) 

6,644 
(48.51%) 

5,474 
(51.36%) 

565 
(46.66%) 

605 
(33.15%) 

Alcoholic drinks 
per week, mean 
(SD) 

2.31 (5.86) 2.46 (6.01) 2.48 (6.12) 1.37 (4.52) 

Current smoker, 
n (%) 

2,220 
(16.2%) 

1,603 
(15.04%) 

322 (26. 
61%) 

295 
(16.16%) 

Former smoker, 
n (%) 

7,831 
(57.70%) 

5,897 
(55.87%) 

809 
(67.25%) 

1,125 
(61.95%) 

Note. NH – Non-Hispanic. Note that in the overall sample, there were missing 
data for race/ethnicity (n = 260; 0.02%) and nativity (n = 17; 0.00%). 

Table 3 
Unconditional likelihood of class membership into trajectory for racial and 
ethnic comparisons (N = 13,439).  

Trajectory 
comparison 

Racial/ethnic 
group 

OR CI p- 
value 

High versus low  
NH Black 2.925 2.419, 3.537 .000  
Hispanic 1.238 0.977, 1.567 .077 

Increasing versus low  
NH Black 1.203 0.914, 1.582 .187  
Hispanic 1.252 0.941, 1.666 .123 

High versus increasing  
NH Black 2.432 1.837, 3.219 .000  
Hispanic 0.988 0.721, 1.355 .943 

Note. Low – Low trajectory, Increasing – Increasing trajectory, High – High 
trajectory, NH – Non-Hispanic. NH White is the referent group. This model was 
not adjusted for additional covariates beyond race/ethnicity. All estimates are 
unstandardized. Significant effects are bolded. 

Table 4 
Direct effects of predictors on trajectory membership (N = 13,424).  

Trajectory comparison Log Coeff. OR (95% CI) p-value 

High versus Low 
Age 0.189 1.208 (1.139, 1.281) .000 
Female 0.319 1.376 (1.064, 1.778) .015 
US born 0.466 1.594 (0.955, 2.663) .075 
BMI 0.282 1.325 (1.213, 1.448) .000 
Physical activity -1.140 0.320 (0.245, 0.418) .000 
Drinks per week -0.035 0.966 (0.939, 0.993) .015 
Current smoker 0.553 1.738 (1.093, 2.763) .019 
Former smoker 0.964 2.623 (1.933, 3.561) .000 
NH Black 0.705 2.024 (1.335, 3.069) .001 
Hispanic -0.877 0.416 (0.238, 0.728) .002 
Education -0.248 0.780 (0.724, 0.840) .000 
Wealth -0.168 0.845 (0.669, 1.068) .159 
Increasing versus Low 
Age 0.157 1.170 (1.114, 1.228) .000 
Female 0.068 1.070 (0.887, 1.291) .480 
US born 0.436 1.546 (1.132, 2.111) .006 
BMI 0.215 1.240 (1.152, 1.335) .000 
Physical activity -0.426 0.653 (0.549, 0.778) .000 
Drinks per week -0.012 0.988 (0.967, 1.010) .276 
Current smoker 0.552 1.738 (1.138, 2.652) .010 
Former smoker 0.511 1.667 (1.261, 2.203) .000 
NH Black 0.491 1.634 (1.125, 2.374) .010 
Hispanic -0.067 0.935 (0.503, 1.739) .831 
Education -0.137 0.872 (0.821, 0.925) .000 
Wealth -0.015 0.985 (0.969, 1.001) .075 
High versus Increasing 
Age -0.157 0.855 (0.814, 0.898) .000 
Female -0.068 0.935 (0.775, 1.128) .480 
US born -0.436 0.647 (0.474, 0.883) .006 
BMI -0.215 0.806 (0.749, 0.868) .000 
Physical activity 0.426 1.531 (1.286, 1.822) .000 
Drinks per week 0.012 1.012 (0.991, 1.034) .276 
Current smoker -0.552 0.576 (0.377, 0.878) .010 
Former smoker -0.511 0.600 (0.454, 0.793) .000 
NH Black -0.491 0.612 (0.421, 0.889) .010 
Hispanic 0.067 1.070 (0.575, 1.990) .831 
Education 0.137 1.147 (1.081, 1.218) .000 
Wealth 0.015 1.015 (0.999, 1.032) .075 

Note. Low – Low trajectory, Increasing – Increasing trajectory, High – High 
trajectory, NH – Non-Hispanic. NH White is the referent group for the racial/ 
ethnic group comparisons while nonsmoking status is the referent group for the 
smoking status variables. All estimates are unstandardized. Each predictor/co
variate was grand mean-centered except for nativity, physical activity, dummy 
variables for race/ethnicity, and sex, smoking variables to aid in interpretation. 
All estimates are unstandardized. Significant effects are bolded. 
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adults were about half as likely to belong to the high versus the low 
trajectory class (OR = 0.460, 95% CI [0.257, 0.822], p < .01). At me
dium wealth, Hispanic adults were even less likely to belong to the high 
versus the low trajectory class (OR = 0.387, 95% CI [0.220, 0.679], p <
.01). At high wealth, Hispanic adults were substantially less likely to 
belong to the high versus the low trajectory class (OR = 0.263, 95% CI 
[0.090, 0.767], p < .05). 

3.4. Attrition 

A total of 6,382 respondents dropped out after the first wave or a 
later wave of the study. After 2006, an average of 1,276 respondents 
dropped out at each wave (Range: 1,062-1,529). Dropouts significantly 
differed from non-dropouts on several variables indicating greater risk 

factors: being older, having less wealth, and smoking (Appendix A). It is 
likely that if the dropouts remained in the study, more of the sample 
would be categorized into the increasing trajectory and/or the high 
trajectory rather than the low trajectory. It is unclear what impact an 
overall higher prevalence of membership in the less healthy classes 
would have on the associations between race/ethnicity, SES, and tra
jectory class, however. Our results above indicated that NH Black adults 
and those with lower SES would be more likely to belong to these un
healthy classes, so the differences between groups in their morbidity 
accumulation may have increased if the dropouts remained in the study. 
We present sensitivity analyses concerning attrition in the supplemental 
materials (Appendix B). 

Table 5 
Detecting interactions between race/ethnicity and socioeconomic status moderators on trajectory membership (N = 13,120).  

Trajectory comparison Model 1: Education as moderator Model 2: Wealth as moderator 

Log coeff. OR (95% CI) p-value Log coeff. OR (95% CI) p-value 

High versus Low 
Age 0.190 1.209 (1.144, 1.278) .000 0.180 1.197 (1.135, 1.262) .000 
Female 0.324 1.382 (1.069, 1.788) .014 0.314 1.368 (1.054, 1.776) .018 
US born 0.378 1.460 (0.911, 2.339) .116 0.398 1.489 (0.872, 2.543) .145 
Physical activity -1.140 0.320 (0.243, 0.420) .000 -1.147 0.318 (0.243, 0.415) .000 
Drinks per week -0.035 0.966 (0.939, 0.994) .016 -0.033 0.968 (0.943, 0.993) .014 
Current smoker 0.547 1.727 (1.100, 2.713) .018 0.480 1.615 (1.041, 2.506) .032 
NH Black 0.653 1.921 (1.260, 2.927) .002 -1.626 0.197 (0.042, 0.914) .038 
Hispanic -0.426 0.653 (0.353, 1.210) .176 -1.332 0.264 (0.091, 0.764) .014 
Education -0.265 0.767 (0.712, 0.826) .000 -0.227 0.797 (0.745, 0.852) .000 
Wealth -0.166 0.847 (0.658, 1.091) .200 -0.213 0.809 (0.692, 0.944) .007 
BMI 0.284 1.328 (1.223, 1.442) .000 0.268 1.308 (1.204, 1.420) .000 
NH Black*Education -0.103 0.902 (0.792, 1.027) .118 – – – 
Hispanic*Education 0.137 1.147 (1.025, 1.284) .017 – – – 
NH Black*Wealth – – – -0.765 0.465 (0.287, 0.754) .002 
Hispanic*Wealth – – – -0.185 0.831 (0.572, 1.207) .330 
Increasing versus Low 
Age 0.158 1.171 (1.117, 1.228) .000 0.150 1.162 (1.113, 1.213) .000 
Female 0.069 1.071 (0.891, 1.287) .464 0.070 1.072 (0.893, 1.288) .455 
US born 0.369 1.446 (1.078, 1.938) .014 0.451 1.571 (1.164, 2.119) .003 
BMI 0.216 1.242 (1.158, 1.331) .000 0.206 1.229 (1.150, 1.313) .000 
Physical activity -0.424 0.655 (0.548, 0.782) .000 -0.423 0.655 (0.554, 0.774) .000 
Drinks per week -0.012 0.988 (0.967, 1.010) .286 -0.013 0.987 (0.968, 1.007) .202 
Current smoker 0.547 1.728 (1.142, 2.615) .010 0.489 1.631 (1.096, 2.427) .016 
Former smoker 0.507 1.660 (1.254, 2.198) .000 0.519 1.681 (1.300, 2.173) .000 
NH Black 0.470 1.599 (1.075, 2.381) .021 0.054 1.055 (0.293, 3.800) .935 
Hispanic 0.204 1.226 (0.739, 2.035) .431 -1.243 0.288 (0.125, 0.664) .003 
Education -0.156 0.856 (0.806, 0.909) .000 -0.124 0.883 (0.837, 0.931) .000 
Wealth -0.014 0.986 (0.970, 1.001) .073 -0.014 0.986 (0.972, 1.001) .061 
NH Black*Education -0.093 0.911 (0.799, 1.038) .161 – – – 
Hispanic*Education 0.121 1.128 (1.000, 1.273) .050 – – – 
NH Black*Wealth – – – -0.166 0.847 (0.562, 1.277) .429 
Hispanic*Wealth – – – -0.438 0.646 (0.467, 0.892) .008 
High versus Increasing 
Age 0.032 1.033 (1.018, 1.048) .000 0.030 1.030 (1.014, 1.046) .000 
Female 0.255 1.291 (1.065, 1.565) .009 0.244 1.276 (1.044, 1.559) .017 
US born 0.010 1.010 (0.652, 1.565) .965 -0.053 0.948 (0.598, 1.505) .821 
BMI 0.067 1.070 (1.045, 1.094) .000 0.062 1.064 (1.039, 1.090) .000 
Physical activity -0.717 0.488 (0.390, 0.612) .000 -0.723 0.485 (0.387, 0.608) .000 
Drinks per week -0.023 0.977 (0.955, 1.000) .053 -0.020 0.980 (0.958, 1.003) .092 
Current smoker 0.000 1.000 (0.716, 1.397) .999 -0.009 0.991 (0.731, 1.342) .952 
Former smoker 0.458 1.581 (1.311, 1.907) .000 0.442 1.555 (1.281, 1.889) .000 
NH Black 0.183 1.201 (0.885, 1.630) .240 -1.679 0.187 (0.038, 0.924) .040 
Hispanic -0.629 0.533 (0.320, 0.888) .016 -0.089 0.915 (0.527, 1.591) .754 
Education -0.110 0.896 (0.858, 0.936) .000 -0.103 0.902 (0.875, 0.930) .000 
Wealth -0.151 0.859 (0.668, 1.106) .239 -0.199 0.820 (0.703, 0.956) .011 
NH Black*Education -0.010 0.990 (0.935, 1.049) .735 – – – 
Hispanic*Education 0.017 1.017 (0.925, 1.118) .729 – – – 
NH Black*Wealth – – – -0.599 0.549 (0.325, 0.928) .025 
Hispanic*Wealth – – – 0.252 1.287 (1.050, 1.578) .015 

Note. Log coeff. – Logistic coefficient, Low – Low trajectory, Increasing – Increasing trajectory, High – High trajectory, NH – Non-Hispanic. NH White is the referent 
group for the racial/ethnic group comparisons while nonsmoking status is the referent group for the smoking status variables. Each predictor/covariate was grand 
mean-centered except for nativity, physical activity, dummy variables for race/ethnicity, and sex, smoking variables to aid in interpretation. All estimates are un
standardized. All covariates were included in this model, but only the effects of the primary study variables are presented here for clarity. Significant interactions are 
bolded. 
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4. Discussion 

4.1. Summary and interpretation 

Findings suggest that trajectories of morbidity accumulation over an 
18-year period in middle and later life fall into three distinct trajector
ies—those who begin with relatively few morbidities and accumulate 
additional morbidities slowly (low trajectory), those who begin with 
relatively few morbidities and accumulate rapidly (increasing trajec
tory), and those who begin with many morbidities and accumulate 
slowly (high trajectory). We found that NH Black adults and those with 
lower education were the most likely to belong to less healthy morbidity 
trajectories (e.g., high compared with low trajectory) while Hispanic 
adults were most likely to belong to the healthy morbidity trajectory 
(the low trajectory). This study extends prior work by investigating the 
interplay between SES and race/ethnicity. Our results suggest a pro
tective effect of education for NH Black adults such that racial health 
disparities observed at low education were ameliorated and eliminated 
with increasing levels of education; In contrast, a reverse pattern 
emerged for Hispanic adults such that increasing levels of education 
dampened advantages observed at low education. Increasing levels of 
wealth were found to be beneficial across groups such that racial health 
disparities observed at lower levels of wealth were diminished and then 
reversed for NH Black adults while Hispanic health advantages observed 
at lower levels of wealth were further increased. When considering these 
findings, it is important to recognize that the slightly higher likelihood 
that NH Black adults belonged to healthier classes when SES is high 
should not be misconstrued as a health advantage overall. The fact that 
NH Black adults were far more likely to be predicted members of the 

high morbidity and increasing morbidity classes compared with NH 
White adults at average SES, suggests critical racial disparities overall 
instead. 

4.2. Contributions 

We analyzed data spanning nearly two decades utilizing a robust 
statistical approach. Therefore, our work builds upon findings from 
cross-sectional and shorter longitudinal studies. This study further 
contributes to the literature by using a multiple chronic condition 
approach that allows for a more holistic view of disease accumulation, 
which valuably complements research which commonly focuses on a 
single disease. Finally, our work explored interactions between race/ 
ethnicity and SES factors on morbidity trajectories, which, to our 
knowledge, has not been previously explored. 

There are important differences between our findings and those from 
other studies using growth mixture models to investigate morbidity 
trajectories. We identified three trajectories like some previous work 
(Wickrama et al., 2013) whereas other studies identified four (Lee et al., 
2021; Tarraf et al., 2020). The discrepancies in the number of classes 
may be due to differences in the sample (e.g., age group, racial/ethnic 
composition), length of data collection [8 years (Wickrama et al., 2013) 
to 16 years (Tarraf et al., 2020)], and morbidity operationalization both 
in terms of the number of morbidities included [6 morbidities (Tarraf 
et al., 2020) to 9 morbidities (Lee et al., 2021)] as well as whether 
depression was included (Lee et al., 2021; Tarraf et al., 2020) or 
analyzed it separately (Wickrama et al., 2013). The variability in the 
morbidity operationalization reflects the methodological debate occur
ring in the larger research community (Suls et al., 2021). We include 

Table 6 
Probing interactions between race/ethnicity and socioeconomic status moderators on trajectory membership (N = 13,120).   

Models 1a-c: Education as the moderator Models 2a-c: Wealth as the moderator 

Trajectory comparison Log coeff. OR (95% CI) p-value Log coeff. OR (95% CI) p-value 
Low level 
High versus Low 
NH Black 1.026 2.790 (1.430, 5.446) .003 0.664 1.942 (1.312, 2.876) .001 
Hispanic -0.922 0.398 (0.236, 0.671) .001 -0.777 0.460 (0.257, 0.822) .009 
Increasing versus Low 
NH Black 0.807 2.242 (1.186, 4.239) .013 0.550 1.732 (1.250, 2.402) .001 
Hispanic -0.232 0.793 (0.448, 1.401) .424 0.066 1.068 (0.548, 2.081) .846 
High versus Increasing 
NH Black 0.219 1.245 (0.883, 1.754) .211 0.114 1.121 (0.817, 1.538) .478 
Hispanic -0.690 0.502 (0.336, 0.749) .001 -0.843 0.430 (0.263, 0.704) .001 
Medium level 
High versus Low 
NH Black 0.653 1.921 (1.260, 2.927) .002 -0.048 0.953 (0.510, 1.782) .881 
Hispanic -0.426 0.653 (0.353, 1.210) .176 -0.950 0.387 (0.220, 0.679) .001 
Increasing versus Low 
NH Black 0.470 1.599 (1.075, 2.381) .021 0.395 1.485 (0.891, 2.475) .129 
Hispanic 0.204 1.226 (0.739, 2.035) .431 -0.341 0.711 (0.403, 1.254) .239 
High versus Increasing 
NH Black 0.183 1.201 (0.885, 1.630) .240 -0.443 0.642 (0.359, 1.148) .135 
Hispanic -0.629 0.533 (0.320, 0.888) .016 -0.609 0.544 (0.355, 0.834) .005 
High level 
High versus Low 
NH Black 0.335 1.398 (0.813, 2.403) .226 -1.647 0.193 (0.041, 0.906) .037 
Hispanic -0.003 0.997 (0.423, 2.347) .994 -1.337 0.263 (0.090, 0.767) .014 
Increasing versus Low 
NH Black 0.182 1.200 (0.695, 2.073) .513 0.049 1.050 (0.288, 3.824) .941 
Hispanic 0.575 1.777 (0.877, 3.597) .110 -1.256 0.285 (0.123, 0.660) .003 
High versus Increasing 
NH Black 0.153 1.165 (0.801, 1.694) .425 -1.696 0.183 (0.036, 0.922) .040 
Hispanic -0.578 0.561 (0.271, 1.162) .120 -0.081 0.922 (0.528, 1.608) .774 

Note. Log coeff. – Logistic coefficient, Low – Low trajectory, Increasing – Increasing trajectory, High – High trajectory, NH – Non-Hispanic. NH White is the referent 
group for the racial/ethnic group comparisons. Each predictor/covariate was grand mean-centered except for nativity, physical activity, dummy variables for race/ 
ethnicity, and sex, smoking variables to aid in interpretation. All estimates are unstandardized. All covariates were included in this model but only simple effects are 
presented here for clarity. Significant simple effects are bolded. For the education, the low level was 1 SD below the mean (9.11 years of education), the medium level 
was the mean (12.39 years), and the high level was 1 SD above the mean (15.673 years). In contrast, for wealth, the low level was the lower quartile ($50,000.00), the 
medium level was the median ($143,000.00), and the high level was the upper quartile ($352,000.00). 
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depressive symptoms because it poses a compound risk for a myriad of 
physical and psychological outcomes (Quiñones et al., 2018). Authors 
have cautioned against a tendency to over-extract classes in growth 
mixture models because several fit indices and class enumeration ap
proaches result are known to result bias toward concluding too many 
classes (Bauer & Curran, 2003; Nylund-Gibson & Choi, 2018). The 
classes in our study are theoretically meaningful, sufficiently distinct, 
and representative of a reasonable proportion of the sample. We present 
sensitivity analyses conducted for the four-class model in the supple
mental materials (Appendix C), which provide further discussion of our 
adoption of the three-class model. 

Our findings help to clarify some of the ongoing debate about the 
relative importance of education and wealth in reducing health dispar
ities (Lutz & Kebede, 2018). We found that increasing levels of wealth 
more consistently contributed to better health outcomes for racial/eth
nic marginalized populations. Our examination of interactions between 
race/ethnicity and SES provides nuanced results that may help elucidate 
the conditions under which pertinent theories apply. Our findings about 
the increasing health advantages of having greater wealth and education 
for NH Black adults and greater wealth for Hispanic adults seems to be 
inconsistent with the diminishing returns hypothesis (Farmer & Ferraro, 
2005) while the finding about Hispanic adults with greater education 
having lower health advantages seems consistent with it. Hispanic 
adults had the advantage of a lower initial risk of morbidity but no 
advantage in the rate of accumulation aligns with previous findings (e. 
g., Quiñones et al., 2019; Tarraf et al., 2020) and provides some support 
the Hispanic health paradox (Markides & Eschbach, 2005). Our findings 
suggest that SES variables interplay with Hispanic health advantages in 
distinct ways. We observed diminished advantages with greater educa
tion, but increased advantages with greater wealth. These seemingly 
counterintuitive results may have occurred because less education is 
associated with engaging in more physically demanding work [and thus 
greater regular physical activity, which is a factor associated with 
Hispanic-White health differences (Chung et al., 2009)]. Other plausible 
explanations include greater SES being associated with more exposure to 
discrimination for marginalized racial/ethnic groups [which can erode 
health (Colen et al., 2018)] and with greater access to healthcare (and 
thus a lower likelihood of underdiagnosis; Weissman et al., 1991). 
Indeed, one study found no evidence for the Hispanic health paradox 
when examining biological risk profiles (e.g., blood pressure) rather 
than doctor-affirmed, self-reported disease (Crimmins et al., 2007), 
suggesting underdiagnosed health problems. More research is needed to 
understand the complexities about the interplay of SES and racial/ethnic 
health differences in morbidity accumulation. 

4.3. Limitations 

Self-reported diagnoses were used to calculate the morbidity count, 
which may be subject to biases that threaten validity. However, the 
validity of morbidity self-reporting has been established (e.g., Skinner 
et al., 2005). More research is needed to better understand the impact of 
access to care and potential underdiagnosis on morbidity accumulation. 
There may be a ceiling effect for the high trajectory group because the 
small number of morbidities included in our count and their increased 
risk of mortality. Differential survival rates by race/ethnicity may 
potentially introduce biases (Whitfield et al., 2019). Consequently, our 
models may have survivor bias, although use of FIML analysis and in
clusion in auxiliary factors associated with attrition would likely help 
mitigate such biases. Attrition in studies of older adults is often 
health-related, but inclusion of the morbidity measure for all cases at 
baseline for timepoints prior to dropout should serve as a rough proxy 
for later health status and improve the likelihood of meeting the MAR 
assumption conditionally (Little, 2008; Newsom, 2015). 

4.4. Conclusion 

We identified three distinct trajectories of morbidity accumulation in 
older American adults: low, increasing, and high. In covariate-adjusted 
models, we found racial/ethnic disparities suggesting disadvantages for 
NH Black adults (higher likelihood of belonging to the high rather than 
low trajectory class) and advantages for Hispanic adults (lower likeli
hood of belonging to the high rather than low trajectory class) relative to 
NH White adults. Education and wealth moderate associations between 
race/ethnicity and the likelihood of multimorbidity class membership. 
Specifically, increasing levels of education and wealth each displayed 
protective effects for NH Black adults. For Hispanic adults, health ad
vantages seemed to diminish as education increased whereas health 
advantages became more pronounced as wealth increased. These find
ings have implications for reducing health disparities between NH Black 
and NH White adults through clinical and public health efforts. This 
work could inform the more precise targeting of public health in
terventions so that they can be delivered to those that would benefit 
most (e.g., NH Black adults with low level of education). Additionally, 
this work highlights the imperative to address SES inequalities that 
interact with race/ethnicity in complex ways to undermine health 
(Williams & Sternthal, 2010). 
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