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ABSTRACT

Race and gender disparities in the prevalence and incidence Alzheimer’s Disease and
related dementias (ADRDs) are well-documented in national reports: In the U.S., Black people
are more likely to have ADRDs than White people, while women make up the majority of those
aged 65 and older with ADRDs. Scholars in the social sciences frequently utilize large,
nationally-representative, longitudinal surveys that collect detailed data on cognition and
respondents’ lives to identify the influence that modifiable risk factors have on race and gender
group differences. However, the ability of these commonly explored individual and contextual
variables to fully explain cognition disparities by race and gender are limited. Education,
socioeconomic status (SES), stress, and geography fail to fully account for the disparities
between Black and White samples and between men and women. A central question endures:
What accounts for the remaining race- and gender-based disparities in cognition that social
contextual factors cannot explain?

The majority of research detailing race and gender disparities in cognition are conducted
under the assumption—without demonstration—of measurement invariance, or the essential
characteristic that latent variables quantify the same underlying concept across cultures,
societies, geographies, and time. Like other assessments that attempt to capture a universal
measure of intelligence or aptitude (e.g., IQ test, SATs), cognition assessments in these large,
longitudinal surveys may have questions that are unintentionally biased towards certain groups.
For example, especially for aging adults, an item that asks people to count backwards from 100
by 7s may be easier for men compared to women because of gendered expectations and
institutional steering: men have historically been stereotyped as being “good at math” and

encouraged to build that skill, while women have not been encouraged in the same way. The item



il
would be considered biased towards men if, on average, despite both groups having similar
cognition, men answered the question correctly and women answered incorrectly. The purpose of
the following dissertation is to shift the focus towards the cognition assessment itself, asking to
what extent does bias in the measurement of cognition contribute to the persistent disparities in
cognition across intersectional race-gender groups.

The following dissertation fits into larger historical and current efforts to accurately
measure cognition across diverse populations within the United States and cross-nationally. Of
particular interest in this study is the measurement of cognition in the Health and Retirement
Study (HRS): previous research has established that the cognition assessment in the HRS
exhibits measurement invariance separately across race—between non-Hispanic Black, non-
Hispanic White, and Hispanic—and gender—between men and women. However, researchers
have not examined to what extent measurement invariance holds at the intersection of race and
gender in the HRS. In line with the HRS’s efforts to improve the accuracy of the cognition
assessment, the following analyses further contemplates measurement invariance by
intersectional identity, attending to potentially neglected disparities in the measurement of
cognition. In Chapter 2, I perform a multigroup confirmatory factor analysis (MGCFA) of
cognition in a cross-sectional sample of the Health and Retirement Study (HRS) across four
intersectional race-gender groups, which estimates the presence and degree of bias in the
cognition measures. I find evidence for measurement non-invariance, specifically that the
underlying cognition factor is not captured equivalently for Black women and White women, as
compared to Black men and White men. These findings demonstrate the importance of ensuring

measurement invariance for latent variables across intersectional groups.
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In the broader social sciences and specific field of demography, scholars have endeavored
to understand and explain differences in cognition trajectories—and not just in cross-sectional
samples—by race and gender in old age. In Chapter 3, using data from 1996 to 2018 in the HRS,
I calculate a second-order latent growth model, which permits me to calculate the amount of
measurement invariance in cognition over age. In addition, I borrow from demographic research
on lifespan variation to conceptualize and hypothesize how variation in cognition trajectories
behave across intersectional race-gender groups. Adjusting the measurement model in the latent
growth model in the cognition age-trajectories of Black women, Black men, White women, and
White men results in a 50% reduction in the gap between Black women and White men.
Additionally, I found that there was greater variation in the trajectories of Black women and
Black men even when measurement bias was removed, suggesting that White women and men
experience greater certainty in their cognition trajectories in old age. This novel modeling
strategy demonstrates the importance of assessing and correcting for bias in the measurement of
cognition trajectories across race-gender groups and considering the often-overlooked influence
of variation in cognition trajectories to race-gender disparities in cognition.

Lastly, in Chapter 4, I add to the extant research by removing measurement bias from
cognition age-trajectories while simultaneously controlling for three relevant covariates. Using
data from Health and Retirement Study (HRS), I calculate an unbiased second-order latent
growth model while also controlling for allostatic load to measure individual levels of chronic
stress; years of education; and the average years lived in the Southern United States. Education
had the largest influence on the level, but not change, of cognition across all four intersectional
race-gender groups. When I control for all three variables, the disparities in cognition trajectories

between Black women, Black men, and White men are substantively eliminated, while White
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women’s cognition remains at a comparatively high level. These analyses illustrate the potential
explanatory power of measurement invariance analyses for explaining the remaining gaps in
cognition trajectories.

Taken together, these three empirical studies advance scholarship on measurement
invariance in cognition assessments by utilizing an intersectional lens to reveal sizeable bias
across race-gender groups that would have gone otherwise overlooked. These analyses consider
measurement invariance within an intersectional framework, which is important to examine if
we, as a research community, intend to understand the reliability and validity of cognition
measurement and improve the lives of aging people in the United States and globally. These
results suggest that scholars who study disparities in cognition—or any complex, latent facet of

health and well-being—must consider how bias may be contributing to disparities.
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CHAPTER 1. INTRODUCTION

Race and gender disparities in the prevalence and incidence Alzheimer’s Disease and
related dementias (ADRDs) are well-documented in national reports: In the United States, Black
people fair worse than their White counterparts in the prevalence and incidence of Alzheimer’s
disease and related dementias (ADRDs), while women make up two-thirds of those over the age
of 65 with ADRDs (Rajan et al. 2019). These enumerations reflect a pressing public health
concern. As the population continues to age (Vespa, Medina, and Armstrong 2020) and the
composition of the aging population continues to change (U.S. Census Bureau 2018), the burden
of ADRDs will fall squarely on the backs of more Black people than White people and more
women than men (Rajan et al. 2021). Experts have made a concerted effort to explain race and
gender differences in ADRDs by identifying modifiable risk factors. These are the social,
contextual, and behavioral factors that can be controlled or changed and could potentially
prevent, delay, and slow the debilitating effects of dementia while also reducing disparities in
ADRDs (Livingston et al. 2020; Nianogo et al. 2022).

Social scientists frequently utilize large, nationally-representative, longitudinal surveys
that collect data on cognition to explain these race- and gender-based disparities by controlling
for social and contextual factors that systematically differ by race and gender. Because race- and
gender- based cognition disparities are not, by definition, essential to socially constructed social
statuses, the principal drivers of disparities are the larger structural factors that produce these
disparities (Braveman et al. 2011; Braveman and Gottlieb 2014; Williams 2012; Williams and
Mohammed 2013; Williams and Sternthal 2010). Structural forces differentially distribute access
to resources that improve cognition in old age, or conversely, distribute exposures to harm that

hinder cognition. Education, employment, state of residence, and incidences of racism and



sexism are but a few important social factors that contribute the race and gender disparities in
cognition. Though controlling for these variables reduces disparities, wide race and gender gaps
in cognition remain (Byrne and Anaraky 2022; Chen et al. 2022; Cintron et al. 2023; Hayward et
al. 2021). A central question endures: What accounts for the remaining race- and gender-based
disparities in cognition that social contextual factors cannot explain?

An answer lies in assessing whether or not and to what extent cognition assessments
exhibit measurement invariance. Measurement invariance is a foundational assertion that the
latent variable of interest—here, cognition—is captured by the same set of tests and
questionnaire items over social dimensions and time (Horn and McArdle 1992). Much like
purportedly universal assessments of intelligence (e.g., IQ tests) or scholastic aptitude (e.g.,
SATs, ACTs, GREs), there may be items in cognition assessments that do not reflect actual
cognitive ability, but inadvertently only capture, for example, level of education. Cognition
assessments in large, longitudinal surveys may have questions that are unintentionally biased
towards certain groups as a result of institutional discrimination and/or societal norms. For
example, especially in samples of older Americans, an item that asks people to count backwards
from 100 by 7s may be easier for men compared to women as a result of gendered expectations
and institutional steering: men have historically been stereotyped as being “good at math” and
encouraged to build that skill, while women have not been encouraged in the same way. This
item would be considered biased towards men if men systematically answered the question
correctly while women systematically answered incorrectly, despite both groups having similar
levels of cognition.

When a survey item does not capture the same underlying construct across socially

constructed race and gender statuses, the item is considered non-invariant, or biased (Horn and



McArdle 1992). Thus, some proportion of the differences in cognition may not be real
differences in cognitive abilities but are an artifact of measurement non-invariance or bias. This
dissertation fits into larger efforts—historically and currently—to accurately measure cognition
and diagnose dementia across diverse populations within the United States and internationally. In
recent decades, the United States has invested heavily in enumerating not only the prevalence of
dementia in aging Americans, but the number of people with pre-clinical mild cognitive
impairment without dementia (cognitive impairment, no dementia or CIND) (Langa et al. 2005,
2020). These censuses, carried out through federally-funded longitudinal survey research, are
important given the rapidly aging population and the desire to diminish the debilitating effects of
Alzheimer’s disease. Importantly, populations in low- and middle-income countries of the Global
South are also rapidly aging, making it imperative to understanding the etiology of dementia and
CIND outside Western contexts to be able to make cross-national comparisons (Gross et al.
2023; Langa et al. 2020).

An important contribution of the following analyses is utilizing intersectionality as a
framework to hypothesize about the presence and extent of measurement invariance in cognition
assessments. A central tenant of intersectionality is that social statuses—race, ethnicity, gender,
class, sexuality, nationality—do not exist separately, but are mutually constitutive (Collins 2015;
Crenshaw 1989). The original impetus of intersectionality was to highlight how the U.S. legal
system erases Black women’s experiences of work discrimination and violence by refusing to
simultaneously consider race and gender (Crenshaw 1989, 1991). Social scientists have utilized
intersectionality to reframe their understanding of power structures and inequality to consider
how existing at the nexus of multiple, simultaneously existing identities influences outcomes in

health and well-being (Bauer 2014; Bauer and Scheim 2019). I focus on race and gender,



specifically disaggregating my analytical samples into four categories—Black women, Black
men, White women, and White men—to better understand how cognition is assessed among
people with these intersecting statuses in the United States. The main thrust of these analyses is
to add to the scholarship endeavoring to understand measurement in diverse contexts and to be
able to make comparisons across numerous, intersecting social categories.

The purpose of the following dissertation is to shift the focus towards the cognition
assessment itself, asking to what extent does bias in the measurement of cognition contribute to
the well-established disparities in cognition across race and gender. Across the three chapters, I
use the Health and Retirement Study (HRS) from 1996 to 2018 using the survey’s TICS
assessment as the primary outcome variable. In Chapter 2, I quantify the amount of bias in the
latent variable of cognition in a cross-sectional sample of adults aged 50 years and older in the
HRS for Black women, Black men, White women, and White men. Chapter 3 asks if and to what
extent there is bias in the measurement of cognition longitudinally over the four intersectional
race-gender groups by utilizing a latent growth model. In Chapter 4, I contribute to the extant
literature by removing bias in cognition due to measurement non-invariance and control for three
social, contextual factors that social scientists have found to influence trajectories of cognition in
old age: allostatic load (AL), education, and Southern residence. The concluding chapter outlines
the findings of the dissertation and potential directions for future research. The central takeaway
of my dissertation is that researchers must consider the impact of measurement bias when
comparing cognition across socially-defined groups. Importantly, this consideration must go
beyond the impact of measurement bias on a single social status, but at the intersection of
multiple social statuses. Indeed, previous research that assesses measurement invariance

separately by race and gender come to the conclusion that cognition in the HRS is unbiased



across race groups and gender groups (e.g., Blankson and McArdle 2015). However, as |
demonstrate in my dissertation, there is bias in the HRS’s cognition assessment, but at the

intersection of race and gender in cross-sectional and longitudinal analyses.



CHAPTER 2. MEASUREMENT INVARIANCE OF COGNITION AT THE INTERSECTION
OF RACE AND GENDER IN THE HRS: REMOVING BIAS INCREASES BLACK AND
WHITE WOMEN’S AVERAGE COGNITION SCORES RELATIVE TO MEN

ABSTRACT

Previous research has established that cognition measurements in the Health and
Retirement Study (HRS) and similar longitudinal studies of older Americans exhibit
measurement invariance, or the essential characteristic that latent (or indirectly measured)
variables quantify the same underlying concept separately across race (between non-Hispanic
Black, non-Hispanic White, and Hispanic samples) and gender (between men and women)
(Blankson and McArdle 2015; McArdle 2011; McArdle, Fisher, and Kadlec 2007). However,
researchers have not examined to what extent measurement invariance holds at the intersection
of race and gender. By neglecting measurement invariance by intersectional identity, researchers
may overstate disparities in cognition and risk misspecifying or misinterpreting results. In this
chapter, I perform a multigroup confirmatory factor analysis (MGCFA) of cognition in the HRS
across intersectional race-gender groups, which estimates the presence and degree of bias in the
cognition measures. I find evidence for measurement non-invariance, specifically that the
underlying cognition factor is not captured the same way for Black women and White women, as
compared to Black men and White men. Black women had a substantial change in their average
cognition, with a 0.483 unit increase in their average cognition after I adjusted the measurement
model. White women’s mean value also saw a significant change, increasing by 0.439 units.
Black men had a modest increase in their cognition estimate, increasing by 0.144 units. These
findings demonstrate the importance of ensuring measurement invariance for latent variables

across intersectional groups.



INTRODUCTION

In the United States, race and gender shape cognition in old age, though less often
researchers estimate cognition at the intersection of these two social dimensions. By any
measure, non-Hispanic Whites (referred to as White people hereafter) have more favorable
outcomes for Alzheimer’s and related dementias (ADRDs) and cognition compared to non-
Hispanic Blacks (Black people, hereafter) (Alzheimer’s Association 2022). Census estimates
(Rajan et al. 2021; U.S. Census Bureau 2021), incidence rates (Steenland et al. 2016; Weuve et
al. 2018), and estimated lifetime risk (Power et al. 2021) of ADRDs all point to a race-cognition
gradient that advantages the White over the Black population. Differences by gender are slightly
more complicated: women make up nearly two-thirds of ADRD cases in the United States (Rajan
et al. 2021), though this may be attributed to women’s longevity, and thus greater lifetime risk,
and not due to sex per se (Chéne et al. 2015; Fitzpatrick et al. 2004; Hale, Schneider, Gampe, et
al. 2020; Hebert et al. 2001; Levine et al. 2021). Experts have made a concerted effort to explain
race and gender differences in ADRDs by identifying modifiable risk factors—Ilike education,
discrimination, income, employment—by analyzing large, nationally-representative, longitudinal
surveys to control for these variables. Though controlling for these risk factors reduces
disparities, wide race and gender gaps in cognition still remain (Byrne and Anaraky 2022; Chen
et al. 2022; Cintron et al. 2023; Hayward et al. 2021). These data beg the question: what accounts
for the race and gender differences in cognition old age?

Most research on race and gender differences in cognition is executed under the
assumption of measurement invariance. Measurement invariance is a foundational assertion that
the latent variable of interest—here, cognition—is captured by the same set of tests and

questionnaire items over social dimensions and time (Horn and McArdle 1992). However, it may



be that some proportion of the differences in cognition are not real differences in cognitive
abilities but an artifact of measurement non-invariance, where survey items and tests do not
capture the same underlying construct across sub-groups (Horn and McArdle 1992). Take, for
example, any popular standardized test, like the SATs or IQ tests: these tests are attempting to
assess some universal measure of cognitive ability or aptitude, but previous analyses find that
race and social class are the best predictors of success on these tests (Wicherts 2016; Wicherts
and Dolan 2010; Zwick 2019). The same goes for cognition assessments: it would be
problematic to suggest, after looking at the disparities by race and gender, that these differences
are due to some inherent deficiency. Instead, the questions may not capture a universal measure
of cognition, but the ways that societal expectations and norms shape people’s cognitive abilities.
For example, especially for aging adults, an item on a cognition assessment in a survey that asks
people to count backwards from 100 by 7s may be easier for men compared to women because
men have historically been stereotyped as being “good at math” and encouraged to pursue STEM
field in school, while Women may not have been given the same encouragement, and thus have
not had the same expectation around math. This item would be considered biased towards men if
men answered the question correctly and women answered incorrectly, despite both groups
having similar levels of cognition. The item would thus be indicative of historical
marginalization in education, and not cognition per se. Thus, some proportion of the group
differences are due to mismeasurement in the latent variable itself.

Bias due to measurement non-invariance in cognition assessments may lead researchers
to incorrectly evaluate race and gender disparities in cognition. In addition, not only is there
potential for biased results by race and gender categories separately, but at the intersection of

those identities. It is imperative to consider intersectional groups when estimating potential bias



so that researchers can better understand true cognitive abilities among those most at risk for
ADRDs and develop more universal assessments of cognition. Measurement invariance analyses
offers a solution to identifying and correcting for biases in cognition assessments and any
erroneous conclusions that may follow. In this study, I perform measurement invariance analyses
in order to assess whether cognition items in the Health and Retirement Study (HRS) reflect the
same underlying construct across race-gender intersectional groups. I will determine whether the
items in the HRS’s cognition series contribute equally to the measurement of the latent
variable—cognition—Dby intersectional sub-group. If measurement invariance does not hold, I
will identify the sources of non-invariance (i.e., specific questionnaire items), and estimate the
proportion of the intersectional group differences that are due to non-invariance, and calculate
new intersectional sub-group means. These new summary statistics will reflect more accurate
levels of cognition for each intersectional sub-group by removing the proportion of that
difference that is due to measurement non-invariance. Without ensuring measurement invariance,
researchers fail to take into account the reality that cognition assessments—Ilike any
assessment—has the potential to be biased towards marginalized social groups. Unadjusted
results have the potential to further add to the White supremacist notion that White people have
higher cognition that Black people, when in reality the differences are far more complex,

especially when viewed through an intersectional lens.

BACKGROUND
Cognition Disparities in Aging Populations
Cognition is a growing concern in the United States given its rapidly aging and changing

population. Projections from the U.S. Census estimate that by 2030, one out of five Americans
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will be over the age of 65 (Vespa et al. 2020) and by 2034, for the first time ever, there will be
more adults over the age of 65 than children under 18 years old (Vespa et al. 2020). In addition,
the race and gender composition of people over 65 is projected to change significantly: census
projections predict that over the next 40 years, the elderly population will have a larger
proportion of Black and Latine people and a smaller proportion of White people, while women
are expected to continue to outlive men, though the sex ratio gap in older ages is projected to
decrease over time (U.S. Census Bureau 2018; Vespa et al. 2020). These demographic changes in
the aging population are important to understand given the wide disparities in cognitive decline
and ADRDs. As a result of the rapidly aging population, the prevalence of ADRDs is projected to
grow by 60% between 2020 and 2050, barring any major medical breakthroughs to prevent,
slow, or cure ADRDs (Alzheimer’s Association 2020).

Given current disparities in ADRDs by race and gender—save for major public health
interventions—the burden of ADRDs will fall disproportionately on Black people relative to
White people, and more women than men. According to estimates using the 2020 Census, 18.6%
of Black people are estimated to have Alzheimer’s disease compared to 10.0% of White people
(Rajan et al. 2021; U.S. Census Bureau 2021). Incidence rates of ADRDs over the last ten years
are between 1.6 to 2.0 times higher for Black people compared to White people (Steenland et al.
2016; Weuve et al. 2018), while lifetime risk for ADRDs among Black people is 40-80% higher
compared to White people (Power et al. 2021). Examining differences by gender, women make
up nearly two-thirds of Alzheimer’s disease cases in the United States, while approximately 60%
of Alzheimer’s patients over 65 years old are women (Rajan et al. 2021). Though women have an
increased lifetime risk of developing an ADRD compared to men, researchers attribute these

gender disparities to women’s longevity and not due to sex per se (Chéne et al. 2015; Hebert et



11

al. 2001). Other findings support this assertion: age-adjusted incidence and prevalence rates are
similar between men and women (Fitzpatrick et al. 2004; Hale, Schneider, Gampe, et al. 2020;
Levine et al. 2021; Rajan et al. 2021), suggesting women’s longer life expectancy increases the
risk of ADRDs.

The wide racial and gender disparities in ADRDs in conjunction with the rapidly aging
population and its changing demographics suggests that we must better understand the social
contexts that contribute to differential cognitive decline to ensure that future aging populations—
and their caregivers—are provided the financial resources and medical care to ensure their well-
being. Disparities sourced from national, official enumerations reflect a pressing public health
concern. Because race- and gender- based cognition disparities are not, by definition, essential to
socially constructed social statuses, the principal drivers of disparities are the larger structural
factors that produce these disparities (Braveman et al. 2011; Braveman and Gottlieb 2014;
Williams 2012; Williams and Mohammed 2013; Williams and Sternthal 2010). Social scientists
have made a concerted effort to explain race and gender differences in ADRDs by identifying
modifiable risk factors, or the social, contextual, and behavioral factors that can be controlled or
changed and potentially lead to ADRD prevention and reduction (Livingston et al. 2020;
Nianogo et al. 2022). Scholars in the social sciences frequently utilize large, nationally-
representative, longitudinal surveys that collect data on cognition to estimate group differences
and identify the influence that modifiable risk factors have on cognition. Cognition assessments
in large surveys, like the Health and Retirement Study (HRS), are not necessarily meant to
diagnose Alzheimer’s disease or dementia, but to surveille levels and changes in cognition over

age and across socially defined groups.
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Cognition is an important facet of health in the later years of life. Though subtle changes
in cognition in old age are expected as early as age 60 (Salthouse 2019), these small declines
usually do not bar people from being able to continue to take care of themselves (perhaps with
assistance), enjoy leisure activities, and have meaningful social relationships. The smaller, more
subtle changes in an individual’s cognition, like memory, may not be clinically actionable, but
are important to investigate in population surveys to better understand how modifiable risk
factors contribute to levels and changes in cognition (Porsteinsson et al. 2021). But, as with the
inevitability of death and taxes, so goes cognitive decline: across almost all measures of
cognition, people experience a decline in cognitive ability in old age (see Murman 2015;
Salthouse 2010; Tucker-Drob 2019 for reviews). However, the level and rate of decline across

race and gender, as I previously reviewed, is modifiable.

Cognitive Reserve and Education: A Mechanism for Cognitive Disparities Across Race and
Gender

In order to conceptualize the variation and disparities in cognition in old age, I anchor the
concept of cognition and cognitive decline in the theory of cognitive reserve. I find cognitive
reserve the most sociologically-relevant theory in the psychology literature to help explain
differential rates of ADRDs and cognitive decline across socially defined groups. Researchers
theorize cognitive reserve is the adaptability—capacity, efficiency, and flexibility—of the brain
to stave off ADRDs and cognitive decline in old age by creating and maintaining denser
neurological pathways in the brain (Stern 2002, 2012; Stern et al. 2020). The concept of
cognitive reserve provides the neurological underpinnings of why two people with similar levels

of brain aging and pathology may have vastly different cognitive abilities (Stern 2002, 2012;
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Stern et al. 2020). Cognitive reserve is rarely measured directly because of the need to perform
brain scans, and thus is often proxied using educational attainment, which is thought to either
improve or reflect the experiences that contribute to cognitive reserve (Stern et al. 2020).
Cognitive reserve is thus inextricably linked to education and has the potential to elucidate racial
and gender differences in cognition and ADRDs.

Cognitive reserve provides a mechanism for how education translates into cognition:
education provides the means for building cognitive reserve, while differential educational
environments shapes who has access to cognitive reserve-building experiences (Berkman and
Glymour 2006; Glymour and Manly 2008; Mungas et al. 2018; Stern et al. 2020). In the United
States, past de jure and current de facto discrimination and segregation highly structured (and
structures) educational attainment for people of color and women (Berkman and Glymour 2006;
Glymour and Manly 2008). Especially for those who were school-aged before the Civil Rights
Act of 1964, race and gender—and their intersection—dictate the level and quality of schooling
one receives. In fact, evidence finds that Jim Crow era school segregation (Peterson et al. 2021)
and education quality (Liu et al. 2022; Sisco et al. 2015) explains a large portion of the race and
gender differences in cognition, while others find that increased high school graduation rates
from 1900 to 1950 lowered rates of dementia for both the Black and White population (Hayward
et al. 2021). These findings suggest that access to education and education quality influence later
life cognition through cognitive reserve. However, these studies evaluate race and gender
disparities in cognition under the assumption—without demonstration—of measurement

invariance.
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Measurement Invariance at the Intersection of Race and Gender

Measurement invariance [detailed further below] is an important—and necessary—
characteristic that latent variables must exhibit in order to make cross-group comparisons. It is
the assumption that the same underlying factor is captured by the same set of items across social
dimensions, like race, gender, and age (Meredith 1993; Meredith and Teresi 2006). In the words
of Horn and McArdle, measurement invariance tells us “...whether or not, under different
conditions of observing and studying phenomena, measurement operations yield measures of the
same attribute” (1992: 117). This is especially important in the social sciences, where predictors
and outcome variables are frequently latent factors—Iike sentiments, political leanings, or mental
health status—that are measured with an index of observed items (Leitgob et al. 2023; Meredith
1993). These latent factors are then compared across social categories—race, gender,
socioeconomic status—to gauge the association between group membership and the latent
variable (Leitgdb et al. 2023). However, previous research comparing cognition between socially
defined groups often operates under the assumption, and not confirmation, of measurement
invariance despite its necessity to make comparisons across social categories (Widaman and
Reise 1997).

The substantive importance of measurement invariance is that the average differences
between groups may be biased due to language barriers, culturally-specific definitions of words,
or differential social desirability (Sass 2011). Researchers risk misspecifying or misinterpreting
average differences between groups as “real” differences, when the differences could be
attributed to measurement non-invariance. In terms of latent variable analysis with cognition, the

previously outlined studies on ADRDs do not explicitly assess measurement invariance, and thus
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some proportion of the differences in cognition may be due to measurement non-invariance,
suggesting that the disparities we see may not be as extreme as they appear.

There is a small set of studies that assess measurement invariance of cognition across
race and gender using samples of older Americans. To measure cognition, researchers often use a
neuropsychological assessment of memory and problem solving to gauge cognition, which often
asks respondents to perform tasks like memorizing words, solving abstract problems, or naming
objects (see Tucker-Drob 2019). In their measurement invariance analysis of the Health and
Retirement Study’s (HRS) cognition assessment, Blankson and McArdle found that cognition
was invariant across gender (measured across men and women), race (measured as non-Hispanic
Black, Hispanic, and non-Hispanic White), and time (measured as survey wave) (2015). In other
words, the authors found that the latent construct of cognition is captured equivalently across
gender, race, and time in the HRS, and thus researchers can directly compare mean estimates
across race and gender categories and over time. However, Blankson and McArdle’s study did
not consider measurement invariance at the intersection of race and gender, and potentially
missed bias that is only observable when simultaneously considering race and gender.

One paper investigated measurement invariance of cognition at the intersection of race
and gender, in a sample of adults over 65 from northern Manhattan. The authors found evidence
for measurement equivalence between all six comparison groups among Black, White, and
Latine men and women when particular items were removed from the cognition factor that were
not contributing to the measure of Latine women’s cognition (Avila et al. 2020). As the authors
point out, had the analysis assessed measurement invariance by gender and race/ethnicity
separately, they would not have uncovered the particular bias that Latine women experience in

their cognitive assessment (Avila et al. 2020). Measurement invariance analysis at the
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intersection of race and gender proves to be invaluable for identifying bias in cognition

assessments that would have otherwise gone unnoticed.

Intersectionality as a Framework for Measurement Invariance Analysis

Bias due to measurement non-invariance viewed through an intersectional lens offers a
framework to understand how previous evaluations of cognition may be misspecified. As
Kimberlé¢ Crenshaw originally conceived it, intersectionality is a Black feminist theory outlining
the unique vulnerabilities Black women experience with discrimination and violence in the
United States (Crenshaw 1989, 2017). Crenshaw established the theory of intersectionality using
three legal cases in which Black women brough suit against their employers for discrimination in
promotion practices (Crenshaw 1989). Management denied any wrongdoing, referencing their
track record of promoting Black men and White women, treating race and gender separately. The
courts agreed: Black women were no different from White women in terms of gender and no
different from Black men in terms of race (Carbado 2013; Crenshaw 1989, 2017). Crenshaw
argued that the court must recognize that both statuses exist simultaneously and acknowledge
that Black women should be a separate class of plaintiffs, thus race and gender must be
considered simultaneously (1989).

While acknowledging Crenshaw’s original impetus was to highlight systems of
oppression and erasure of Black women’s experiences, intersectionality theory widened the
scope of how social scientists view power and inequality (Bauer 2014; Carbado 2013). As a more
generalized theory of power relationships, social scientists understand systems of oppression
(and privilege) as operating not on a single axis but at the intersection of a multitude of statuses

(Bauer 2014). Intersectionality has thus been adopted as a framework for understanding how
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social dimensions intersect to create differential exposures to structural inequality that shape a
number of outcomes, including health (Cho, Crenshaw, and McCall 2013). For example,
researchers have made several calls for intersectional approaches in the fields of psychology
(Bowleg 2008, 2012), population health (Agénor 2020), and more generally in quantitative social
science research (see Bauer et al. 2021 and Harari and Lee 2021 for reviews), while researchers
have utilized intersectionality to evaluate mental health (Ross et al. 2016) and medical care
access and treatment (Agénor et al. 2015).

For the purposes of this dissertation, I adopt an intersectional framework to better
understand the size and direction of bias in the measurement of cognition in the Health and
Retirement Study. This dissertation fits into larger historical and current efforts to accurately
measure cognition and diagnose dementia across diverse populations within the United States
and internationally. In recent decades, the United States has invested heavily in enumerating the
prevalence of dementia in aging Americans. Of particular interest in this dissertation is the
Health and Retirement Study (HRS), which has, since its first survey wave in 1992, gathered
detailed demographic and cognition data every other year on a probability sample of
approximately 20,000 American households where at least one person is aged 51 years or older
(Ofstedal et al. 2005; Sonnega et al. 2014). Born out of the HRS was the Aging, Demographics,
and Memory Study (ADAMS), which was designed to calculate not only the prevalence of
dementia, but additionally the prevalence of pre-clinical cognitive impairment without dementia
(cognitive impairment, no dementia, or CIND) (Langa et al. 2005, 2020). The ADAMS was a
time- and capital-intensive endeavor, requiring a 3- to 4-hour assessment with a nurse and
neuropsychologist to administer the protocol to the 850 HRS respondents aged 70 years and

older chosen randomly from the HRS sample (Heeringa et al. 2009; Langa et al. 2005). Though
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costly in terms of money and time, the data gathered from ADAMS was invaluable for
understanding the prevalence and rates of ADRDs and CIND, which had previously never been
assessed. The TICS and ADAMS are important given the rapidly aging population and the
potential to understand the mechanisms that lead to the onset of ADRDs.

Outside of the Western context, populations in low- and middle-income countries of the
Global South are also rapidly aging. While the projection of the number of people over 60 living
in higher income countries is forecasted to increase by 56% between now and 2050, the
population of people over the age of 60 is expected to grow by 185% (from 230 to 660 million
people) in middle-income countries and 239% (from 33 to 111 million people) in low-income
countries (Prince et al. 2015). In conjunction with the rapidly aging global population, there is a
growing public health concern surrounding the increased prevalence and future projections of
ADRDs in middle- and low-income countries. For example, current estimates place dementia
prevalence at 58% in countries the World Banks classifies as low- and middle-income; that
percent is expected to grow to 68% by 2050 (Nichols et al. 2022; Prince et al. 2015).

Similar to the U.S. context, the growing global public health concern around ADRDs—
the major cause of cognitive disability in aging populations—has led to international initiatives
that gather population data to better understanding the etiology of dementia in middle- and low-
income country contexts (Gross et al. 2023; Langa et al. 2020). Using the methods, data, and
lessons learned from the ADAMS, the HRS established the Harmonized Cognitive Assessment
Protocol (HCAP) as an international resource to make cross-national comparisons of the causes,
consequences, and trends in dementia around the world (Gross et al. 2023; Langa et al. 2005,
2020). The HCAP has been developed and implemented in international partner studies of the

HRS, which include six countries (China, England, India, Mexico, South Africa, and U.S.) with
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the intention of providing valid and accurate cognition assessments in diverse cultural,
educational, social, economic, and political contexts (Gross et al. 2023; Langa et al. 2020). As
the ADAMS was able to enumerate the prevalence of ADRDs and CIND, the HCAP has been
able to do the same at a global level, allowing for cross-national comparisons of dementia and
pre-clinical cognitive impairment (Gross et al. 2023). While the following analyses focus on the
U.S. context, my findings add to the overall undertaking of critically assessing how well these

widely-used cognitive assessments capture cognition.

Measurement Invariance

Measurement invariance is an essential, but often overlooked, characteristic of latent
variables: it is the assumption that the latent factor of interest—in this case, cognition—is
measured equivalently across cultures, geographic space, and time. Measurement invariance is
most often performed using multigroup confirmatory factor analysis (Horn and McArdle 1992;
Meredith 1993) within a structural equation modeling framework (SEM; Bollen 1989). The
general factor model is given by £ = A®PA’ + O, where X represents the covariance matrix of the
observed variables in the model; A is the matrix of factor loadings (1) measuring the strength of
the relationship between the latent factor variables, &, and the vector of observed variables, Y; ®
is the covariance matrix of the factors, £; and @ is the covariance matrix of measurement errors
for Y (Bollen 1989; Svetina, Rutkowski, and Rutkowski 2020).

The observed variables’ means are represented in the equation: E(Y) = E(v + A€ + ¢€),
where v is the mean structure of the latent factor or what is essentially the intercept of a linear
equation (Svetina et al. 2020). With the assumptions that E () = 0 and E(§) = 0, the equation

simplifies to E(Y) = E(v). The model is thus easily generalized to multiple populations, so that



20

each population and group has their own covariance and mean structures, i.e., £(9) with v(9),
where g = 1,2, ...G and G is the total number of groups in the analysis (Svetina et al. 2020). All
models are estimated using a maximum likelihood approach and their fit to the data is assessed
using a y? statistic. The null hypothesis in measurement invariance is that the covariance matrix
of each group is the same across all groups, or Hy: £! = X2 = --- = £ In order to test for this,
researchers distinguish between four different levels of MI, following a hierarchical structure
from least restrictive to most restrictive models: configural, weak or metric, strong or scalar, and
strict invariance.

Before running the measurement invariance analysis, as done in the prior studies (see
McArdle et al. 2013, Blankson and McArdle 2007, Kline 2015), I first test whether the one-
factor model fits the full analytic sample and by single intersectional sub-group. This initial step
is testing what is referred to as dimensional invariance, which ensures that the measurement
model fits the data for each group separately before running the multi-group analyses. Next, I
perform the first level of invariance analysis by confirming if the data demonstrates configural
invariance. Substantively, testing for configural invariance requires that, across all groups, the
same parameters (observed variables) are related to the same underlying factor (unobserved
variable); each group will thus have its own group-specific factor loadings and intercepts (Horn
and McArdle 1992). The configural level of invariance is the most basic level of invariance and
must hold before pursuing further invariance testing (Horn and McArdle 1992; Meredith and
Teresi 2006).

I determine how well the configural model fits the data by assessing the model fit
statistics, specifically the Comparative Fit Index (CFI), Root Mean Square Error of

Approximation (RMSEA), and the y? statistic. I focus on the RMSEA and CFI as indicators of
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model fit because they are superior indices for detecting non-invariance in complex models with
large sample sizes (Cheung and Rensvold 2002). Substantively, the RMSEA evaluates the degree
to which the estimated model differs from that of a theoretical fully saturated model, where all
variance and covariance is explained, thus numbers closer to 0 indicate better fit. The CFI, on the
other hand, measures the discrepancy between the estimated model and a theoretical baseline
model where none of the variance and covariance is explained, thus a number closer to 1
indicates a better fit (Lai and Green 2016). To employ these model fit statistics, I utilize common
cutoffs that previous experts have recommended, specifically applying threshold values at or
below 0.05 for the RMSEA and values at or above 0.95 for the CFI to indicate a well-fitted
model (Svetina et al. 2020; Wilson et al. 2023). The y? is a general fit index, but is heavily
influenced by sample size and may show statistically significant differences in model fit when in
fact the model fit differences are negligible (Chen 2007; Cheung and Rensvold 2002).

The next level of invariance testing is assessing weak or metric invariance, which
requires that the factor loadings of the observed items measuring the strength of the relationship
with the latent variable are equivalent across groups (Meredith 1993). The null hypothesis is thus
Hy: A* = A2 = -« = AS (Svetina et al. 2020). To test for this, one must hold all the coefficients
(1) constant across groups by setting the coefficient to be equal to the reference group (Svetina et
al. 2020). Again, researchers use model fit indices to test if the model fits the data worse or the
same. In this case, one can test whether metric invariance holds by comparing the model fit
between the configural invariance model and the metric invariance model by calculating the
ACFI, ARMSEA, and Ay? (Chen 2007; Cheung and Rensvold 2002). Because the y? is sensitive
to large sample sizes, and thus might indicate a statistical difference when one does not

substantively exist, the literature points to using the ACFI and ARMSEA (Cheung and Rensvold



22

2002). To determine if the model fit changed significantly, values of ACFTI less than -0.005 or
ARMSEA values greater than 0.010 indicate poorer fit and evidence that invariance at that level
does not hold (Chen 2007; Cheung and Rensvold 2002; Svetina et al. 2020). If the fit statistics do
not significantly deteriorate, then the next step is to test for the next most restrictive model. At
this point, after confirming metric invariance, researchers can formally compare estimated factor
variances and covariances over groups, but researchers are advised not to compare the latent
means between each group (Kline 2015; Widaman and Reise 1997).

The next level of invariance is strong or scalar invariance, which requires that, in
addition to the factor loadings, the item intercepts are the same across groups. When the latent
variable is equal to zero, scalar invariance requires that the means of the observed items are
equivalent across sub-group (Horn and McArdle 1992; Widaman and Reise 1997). The null
hypothesis is Hy: A' = A2 = --- = A® | v! =2 = ... = y¢ where the coefficient matrices (A%)
and intercepts (V%) are the same across groups, set to the values of the reference group (Svetina
et al. 2020). Again, researchers use the ACFI and ARMSEA to determine if the measurement
model meets scalar invariance by simply subtracting the CFI and RMSEA of the metric model
from the scalar model. If the model fit deteriorates significantly, then the model does not meet
the criteria for scalar invariance; if the model fit statistics are unchanged, then the model meets
the criteria for configural invariance. Meeting the criteria for scalar invariance is important
because this is the level of group-level equivalence necessary to compare mean values of the
latent variable of interest; without ensuring scalar invariance, the comparison may not reflect true
differences in the construct of interest (Horn and McArdle 1992; Kline 2015).

However, there is a solution to measurement non-invariance at the scalar level with

partial scalar measurement invariance (Horn and McArdle 1992), where a few items may only
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meet the threshold for metric invariance and the majority of items meet the criteria for scalar
invariance. Using the example of a simple linear regression, partial scalar invariance is the
equivalent of allowing each group to have their own intercept or mean value but only for the
items that do not meet scalar measurement invariance (Horn and McArdle 1992). By running
models that allow each item to be estimated freely (i.e., allowing group-specific intercepts), we
can calculate the model goodness-of-fit statistics in each partial scalar model and compare them
to the scalar model, thus calculating the ACFI, ARMSEA, and Ay? (Chen 2007; Cheung and
Rensvold 2002). If the model fit statistics improve when particular intercepts are freely
estimated—i.e., the ACFI and ARMSEA meet some threshold—then one can conclude that a
partial scalar model better characterizes the underlying cognition factor across the intersectional
race-gender groups (Cheung and Rensvold 2002). Importantly, group-specific mean values can
be calculated using MGCFA, from which analysts can determine the level of bias simply by

calculating unit change between the scalar and final partial scalar model.

HYPOTHESES

Using intersectionality theory, I aim to assess whether cognition is equivalently captured
across race-gender intersectional groups—between Black men, Black women, White men, and
White women—and, if not, the amount of bias that measurement non-invariance introduces. In
my intersectional analyses of measurement invariance of cognition in the Health and Retirement
Study (HRS) across Black women, Black men, White women, and White men, I hypothesize the
following:

Hypothesis 1: The cognition assessment in the HRS will exhibit scalar measurement non-

invariance across intersectional race-gender group (i.e., meaning that average cognition scores
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cannot be compared across race-gender group). Substantively, the scalar cognition model will not
adequately capture cognition the same way across the intersectional groups. For example, White
women with the same level of cognition as White men might not be able to do arithmetic in their
heads as well as White men due to socialization around who is encouraged to excel in
mathematics and exposure to doing math in one’s head. In more technical language, the factor
loadings will be equivalent across groups—reflective of a less restrictive model—but the item
intercepts will not be the same across group—reflecting that the models do not meet scalar
invariance. In statistical notation, the null and alternative hypothesis are the following:
Hy: AWM = AWW = \BM = \BW WM — WW — ,BM — ,BW
Hy: AWM = AWW = \BM = ABW WM - yWW o ,BM o 3)BW

where AYM AWW ABM and ABWrepresent the group-specific matrices of factor loadings for
White men, White women, Black men, and Black women, respectively, which are equal across
groups and in both the null and alternative hypothesis. The vectors of group-specific intercepts
are represented by, VWM, vWW BM ‘and, vBW for White men, White women, Black men, and
Black women, respectively, and are equal in the null hypothesis but are all unequal across all
race-gender groups in the alternative hypothesis.

Hypothesis 2: Because cognition assessments are positively biased towards White men,
Black women will have the largest bias in their cognition assessment due to multiple,
intersecting statuses that result in multiplicatively biased cognition assessments that inherently
privilege White men. White women and Black men will have lower levels of bias than Black
women relative to White men. In statistical terms, the null hypothesis is that the differences

between the mean estimate from the scalar and partial scalar models will be zero across groups,

while the alternative hypothesis states that the mean difference (k¢ 4;55) Will be largest for Black
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women, with White women, then Black men following. White men will not have a difference in

means because they serve as the reference category, and thus have a difference of zero.
Ho: Kpw aiff = Kww diff = Kem aiff = Kwmaifr = 0

Hy: Kpw aiff > Kww aiff > Kem aiff > Kwm diff

METHODS

Data

The Health and Retirement Study (HRS) is a nationally representative longitudinal study
of Americans aged over 50. The HRS is an ideal data set for these analyses because of its focus
on aging populations and its rich, detailed data collection. Respondents are surveyed once every
two years and a new cohort is introduced every six years. The study draws its respondents using
a probability sample of households in which at least one member is over 50 years old and non-
institutionalized. The survey began in 1992, and has recently released its 15" wave of data for
2020. The HRS is sponsored by the National Institute on Aging (grant number NIA
U01AG009740) and is conducted by the University of Michigan. The present study uses data
from 1996 (Wave 3—from which point cognition questions are asked consistently) to 2018
(Wave 14), the most recent wave for which sampling weights have been calculated (Health and
Retirement Study 2022; RAND Corporation 2022). The sampling weights, produced by RAND
Corporation, account for the HRS’s sampling structure, which oversamples Black populations,
Hispanics/Latines, and Florida residents (Health and Retirement Study 2022; RAND Corporation
2022). RAND additionally harmonizes, cleans, and codes HRS variables into a user-friendly

dataset that is easily accessed online (RAND Corporation 2022).
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Dependent Variable

Cognition in the HRS is assessed using the HRS-Telephone Interview for Cognitive
Status (HRS-TICS). The twelve tests in the HRS-TICS measures two umbrella concepts:
episodic memory or mental status. The TICS uses two questions to measure episodic memory:
immediate word recall (IMRC) and delayed word recall (DLRC) test. Respondents are given a
list of ten words from four possible lists and are asked to immediately recall as many words from
the list to the best of their ability (IMRC) and are asked five minutes later to do the same
(DLRC) (McArdle et al. 2007). Scores are between zero and ten for both tests.

The remaining ten tests measure mental status, and include: serial 7s test (count back
from 100 by 7 for 5 trials; scored 0-5); counting backwards from 20 for ten continuous digits in
two trials if needed (scored 0-2); identifying a cactus and a pair of scissors after listening to a
description (scored 0 or 1 for each); correctly naming the current president and vice president
(scored 0 or 1 for each); and stating the day’s date (day, month, year, day of the week; scored 0-
4). Summing together the memory and mental status scores, respondents have total possible
cognition scores from 0 to 35 (McArdle et al. 2007; McCammon et al. 2022; Ofstedal et al.
2005).

For the purposes of this study, the cactus, scissors, president, and vice president dummy
variables are recoded into a single four-point ordinal categorical variables (referred to as
“Names”). The same is done with the date dummy variables, and are referred to it as “Dates”.
The recoding is necessary because these two sets of dummy variables are highly correlated and
fit the data better as two ordered categorical variables as opposed to eight dummy variables.
Lastly, the counting backwards from 20 variable is recoded to a dummy variable, where

respondents who successfully completed the test in one or two trials are assigned “1” (named
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“CNTB?”). I recoded this because very few people were unable to count backwards from 20 on
their first try, and thus would not contribute to the measurement model of cognition. More
substantively, | wanted to differentiate between who was able versus unable to complete the task,
and not necessarily to what degree respondents were able to complete the task. In addition, these
variables are recoded as I have described in other foundational works on measurement properties
of the HRS’s cognitive function factor (McArdle et al. 2007; Ofstedal et al. 2005).

An important difference between the following analyses and previous measurement
invariance analyses with HRS data is that I utilize a single-factor measurement model as opposed
to a two-factor model. The two-factor model has memory (immediate and delayed word recall)
and mental status (Ser7, CNTB, Names, Dates) factors under the umbrella factor of cognition
(Blankson and McArdle 2015; McArdle 2011; McArdle et al. 2007). The one factor model
simply puts all six items into a single factor. I chose to use the one-factor model to more easily
interpret the results, but have supplemental analyses with the two-factor model that substantively
reflect similar results as the one-factor model (see Supplementary Table 2 and Supplementary

Figure 1)

Predictor Variables

The intersectional identities of particular interest in this chapter are respondents’ race,
ethnicity, and sex (referred to as gender hereafter). Race is measured as Black, White, or other in
the HRS. I exclude in this study respondents who identified as other, leaving only those who
self-identified as Black or White. I made this choice because the Black and White categories

make up the majority of racial identities in the HRS and, more importantly, the heterogenous
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“other” category does not have racial distinctions in the Public Use data; if [ were to include it in
my analysis, [ would not know which racial(ized) category respondents belong to.

Ethnicity is measured as self-identifying as Hispanic or non-Hispanic. I excluded those
who identified as Hispanic because of the heterogeneity in Hispanic origin, which is only crudely
categorized as “Mexican” and “other” in the Public Use data. While this decision is imprecise, I
made it on the basis that people who identify as non-Hispanic White and non-Hispanic Black are
less likely to speak English as a second language. If I were to introduce Hispanic/Latine
respondents, there is a strong likelihood that the source of measurement non-invariance would be
due to language barriers, as opposed to focusing on bias due to the hegemony of White men. A
crosstab of the race and ethnicity variables resulted in the two race/ethnicity groups of interest in
this study: non-Hispanic White (referred to as White hereafter) and non-Hispanic Black (Black
hereafter).

Gender was measured as a binary, either female. I acknowledge that conceptualizing
gender beyond a simple binary is a worthwhile investigation in terms of measurement invariance
and is well established in gender studies as an intersectional social status that brings with it
systems of oppression. However, besides the fact that the HRS only provides “male” and
“female” answer options, my theoretical motivation for this paper relies primarily on the
existence of (White) male hegemony. Future studies could include measurement bias related to
non-binary respondents, but is a facet that goes beyond the purview of this chapter. The
intersecting social statuses of interest in this chapter are race/ethnicity (Black and White) and
gender, which combine to create four sub-groups: Black men, Black women, White women, and

White men. These race-gender intersectional groups represent the social statuses that either (in
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the case of White men) benefit from or (in the case of the former three groups) are harmed by the

primacy of White patriarchy and its ingress in cognition assessments.

Current Study Sample

The starting sample in the HRS for Waves 3 (collected in 1996) to Wave 14 (collected in
2018) is N = 232,326 individual observations among 39,958 respondents. In order to be included
in the analytic sample, respondents had to have non-missing values for race, ethnicity, gender,
and sampling weights. I also only included those aged 50 years and older and only included the
first time a respondent answered the TICS sequence, as McArdle et al. 2007 did for their cross-
sectional measurement invariance analysis. I use these sample restrictions because the HRS is a
representative sample of American’s aged over 50, and thus people enter the study and take the
cognition assessment for the first time starting at age 50. Additionally, I included the first time
people took the TICS to control for any serial correlation and because there is evidence that
respondents superficially improve their cognition score due to prior test experience, which would
further bias the results (Salthouse 2010, 2019). The final sample size is N =30,576 respondents,
with 10,523 White men, 13,240 White women, 2,748 Black men, and 4,065 Black women.

Summary sample statistics include unweighted means and standard deviations of
respondent’s age, birth cohort, average years of schooling (Table 1) and across the six cognition
items (Table 2) for the full sample and across race-gender intersectional group. All summary and
descriptive statistics were conducted using Stata 17 (Stata Corp 2021). The average age for the
full sample was 62.6 years, with a standard deviation of 10.0. Ages ranged from 50 to 105.
Average age by intersectional group appears to be more similar by race category than by gender.

For instance, Black men and women are approximately 60 years old at their initial testing while
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White men and women are, on average, 62 to 64 years old at their first assessment. Similarly, the
average birth cohort for Black men and women is around 1945 compared to 1937 to 1938 for
White men and women. Lastly, years of education hover around 12-13 years, except for Black
men who have 11.7 years of education. Group differences shown in these summary statistics
illustrate that there is a potential for cognition to be additionally invariant by age and/or
education, and not just by race-gender intersectional group. Age varies widely across the sample,
and might be another factor to consider for measurement invariance, but is outside the scope of
this chapter. Education, on the other hand, is fairly stable across race-gender intersectional
groups, and is unlikely to be an underlying factor for measurement non-invariance.

Table 2 presents descriptive statistics of the six cognition items for the full sample and by
intersectional race-gender group. Overall, it appears women outperform men within each race
category for tasks related to memory (IMRC and DLRC). However, mean differences are fairly
mixed for remaining four variables. Men perform better than women within race group on the
serial 7s task, while the discrepancy in counting backwards appears to be down racial lines,
where White men and women are more successful in completing the task than Black men and
women. Differences in dates appears to be similar for Black women and White men, highest for
White women, and lowest for Black men. Lastly, discrepancies in names appear to be down
racial lines, with Black men and women answering closer to 3.2-3.3 of the items correctly
compared to an average of 3.7 for White men and women.

Figure 1 presents the average overall cognition score, scored from 0 to 35, across the
race-gender intersectional groups. Overall, the scores are fairly similar, but have very small
confidence intervals, and thus are all statistically different from one another. Ultimately, these

descriptive statistics show the largest group difference appears along racial lines: White men and
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women have slightly higher cognition scores compared to Black men and women. The
differences between Black men and women, as well as White men and women, is not
substantively large. As is, these are the overall average cognition scores we would expect without
performing a measurement invariance analysis. Without ensuring that the cognition factor
demonstrate measurement invariance, these average overall scores may be biased, leading to

problematic interpretations of “real” cognitive abilities.

Analytic Plan

I conducted a multigroup confirmatory factor analysis (MGCFA) within a structural
equation modeling (SEM) framework to test for measurement invariance of cognition by
intersectional race-gender groups. Substantive measurement invariance analyses were conducted
using Mplus version 8.8 (Muthén and Muthén 2017). I do this by estimating a series of one-
factor models using weighted least square with mean and variance adjusted estimation
(WLSMYV), each with increasingly strict parameter restrictions, measured across the four
intersectional sub-groups. Theta parametrization was employed to identify the model, which sets
residual variances to one (Millsap and Yun-Tein 2004; Paek et al. 2018).

There are many ways to identify MGCFA models depending on one’s research question.
The mean values that are produced from the MGCFA models will be the basis for calculating the
proportion of bias measurement non-invariance introduces in the mean estimate of cognition, and
thus are imperative to calculate. The measurement model I chose to analyze is a one-factor
model, where all observed items contribute directly to the cognition factor. The one-factor model
departs from that of McArdle et al. (2007) and Blankson and McArdle (2015), all of whom used

a two-factor model. After running both the one- and two-factor models, I found that the models
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do not substantively differ in model fit, and thus chose the one-factor model for ease of
interpretation.

Before running MGCFA, the model must be properly identified—as is, the model cannot
be identified because there are more parameters than there are unique values to predict them
(Kline 2015). In order to identify the model, I must scale the latent variable, since it does not
have an inherent metric. I do this by fixing the factor loadings for IMRC to one, which sets the
scale of the factor to the metric of the IMRC variable. I made this decision on the basis that the
reference variable should not be chosen arbitrarily, but based on its non-invariance i.e., the “most
non-invariant” item (Cheung and Rensvold 1999), which can only be achieved after determining
which items are noninvariant after estimating the model (Sass 2011). The remaining coefficients
are freely estimated, meaning they are not set to a particular number and represent—in the scale
of the IMRC variable—the strength of the relationship between each item and cognition. In
effect, each intersectional group has their own group-specific coefficients. Additionally, I hold
the IMRC intercept to be equal to the reference group’s value (i.e., White men) across the sub-
groups. In my analyses, the reference group is White men because, in my conceptualization of
intersectionality, White men hold the most power and privilege. Deviations from White men—
the benefactors of both privilege and the absence of gender- and race-based discrimination—will
indicate deviations from White patriarchal constructs of cognition reflected in the testing
instrument.

After identifying the models, I run four increasingly restrictive models: configural,
metric, scalar, and partial scalar models. The configural model, which is the most basic level of
invariance, reveals how well the latent variable structure fits the data of each sub-group. To fit

this model, I restrict the model structure and freely estimate the latent variable factor loadings,
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intercepts and thresholds, and mean cognition score across intersectional group (save for IMRC
factor loadings and intercepts, which are set to that of White men). The next most restrictive
model is the metric model, which requires that the factor loadings of the observed items
measuring the strength of the relationship with the latent variable are equivalent across groups
(Meredith 1993). To test for this, I set the factor loadings to be equal to the reference group,
White men, across the groups. Next, the scalar invariance model restricts the factor loadings and
item intercepts (or thresholds for categorical variables) to be the same as the reference group
across intersectional group. After running the scalar invariance model, I run six separate models
in which each item is separately estimated freely (i.e., each intersectional group has their own
group-specific intercept or threshold). For the sake of brevity, I do not interpret each of the six
items in the paper, but provide the output in Supplementary Table 1.

To determine whether model fit deteriorates or improves across the configural, metric,
scalar, and partial scalar models, I utilize three goodness-of-fit indices: the y?, the root mean
square error of approximation (RMSEA), and the Comparative Fit Index (CFI). The y% is a
general fit index, but is heavily influenced by sample size and may show statistically significant
differences in model fit when in fact the model fit differences are negligible (Chen 2007; Cheung
and Rensvold 2002). As Cheung and Rensvold (2002) recommend, I focus on the RMSEA and
CFI as indicators of model fit because they are superior indices for detecting non-invariance in
complex models with large sample sizes. To gauge overall model fit, an RMSEA value smaller
than 0.05 and CFI values greater than 0.95 indicate good model fit (Svetina et al. 2020; Wilson et
al. 2023). To measure whether model fit improves significantly from each model to the next
more restrictive model, I utilize the ARMSEA and ACFI, which are simply the differences

between the indices from two models. To determine if the model fit changed significantly, values
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of ACFI less than -0.005 or ARMSEA values greater than 0.010 indicate poorer fit and evidence
that invariance at that level does not hold (Chen 2007; Cheung and Rensvold 2002; Svetina et al.
2020). I found that Ser7, Names, and Dates, when freely estimated (see Supplementary Table 1
for full output), contributed the most to improving model fit. These three items are freely
estimated in the final partial scalar model, which, in effect, is the “new” scalar model. I compare
the final partial scalar model to the metric model.

The last set of analyses will use information gathered from the measurement invariance
analyses to calculate a set of means and standard deviations that correct for any measurement
non-invariance by sub-group. The scalar model represents what the mean value would by group
if each item had the same latent factor loadings and intercepts, which is the default in latent
variable analysis or regression analysis. Each item must have the same average relationship
across each group. The subsequent mean value estimated from the partial scalar models allows
each group to have their own group-specific thresholds, removing parts of the measurement
model that are introducing bias into the average. To ascertain the amount of bias, I subtract the
mean estimates from the scalar model from the mean estimates from the partial scalar model, in

effect calculating the amount of bias that measurement non-invariance introduces.

RESULTS
Single-Group Confirmatory Factor Analysis

Before moving into the MGCFA, as done in the literature (see McArdle et al. 2013,
Blankson and McArdle 2007, Kline 2015), I first tested whether the one-factor model fits the full
analytic sample and by single intersectional sub-group. This initial step ensures that the model

fits each intersectional group’s data; however, this does not provide much substantiative
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information, other than that all the cognition items are measuring the factor. Across the full
sample and across each sub-group, the RMSEA is below 0.05 and the CFI is above 0.950
indicating that the models fit each group’s data fairly well. The data indicates that dimensional
invariance has been achieved, which simply means that the model was able to run and fit
reasonably well. This is the baseline level of invariance necessary to move forward with
measurement invariance testing. Dimensional invariance indicates that the six items are related

to the cognition factor across the four intersectional groups.

Multi-Group Confirmatory Factor Analysis

The results of the configural model (Table 4) reflect what the cognition means would be
if each sub-group was able to have its own group-specific coefficients, intercepts, and error
variances. The model fit indices indicate a well-fitted model: the RMSEA is 0.016 and CFI is
0.996. The mean values across the intersectional groups do not follow the gradient that I had
initially expected in regards to the intersectionality theory. White women appear to outperform
White men, while Black women perform slightly worse than White men, and Black men rank
lowest in cognitive test scores. Next, the metric model, where the factor loadings are set to that
of the White male group across the intersectional groups, appear to fit the data better than the
configural model: the RMSEA is smaller than that of the configural model and the CFI is the
same. The mean values in this case do not change in the metric model compared to the configural
model.

The scalar model—or the model that would produce latent mean cognition values in a
exploratory factor analysis—sets the factor loadings and intercepts/thresholds to be the same as

White men. The model has a precipitous drop in model fit, with a RMSEA of 0.911 and CFI of
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0.044. Here, the RMSEA falls below the threshold of 0.95, providing evidence that the scalar
model does not fit the data. Additionally, the ARMSEA is 0.03 and ACFTI is -0.085, indicating the
model fit deteriorated significantly between the metric and scalar models. Importantly, the mean
values of cognition in the scalar model mimic that of the overall average cognition score in the
summary statistics presented above. White women and men have similar average values, with
White women having a slightly negative average value. Similarly, Black women and men have
closer mean values, but have significantly lower mean values compared to White women and
men.

In Figure 2, on the lefthand side, I have plotted the mean estimates from the scalar model
for each intersectional sub-group. Visually, it is clear that the mean values for White women and
men and Black women and men are close together. In terms of Hypothesis 1, I find evidence to
support the alternative hypothesis: although the factor loadings are similar across intersectional
group, the intercepts and thresholds are not the same across intersectional group. These results
suggest a partial scalar model is necessary.

In the partial scalar model, the thresholds for the Ser7s, Dates, and Names tests were
freely estimated (i.e., each intersectional group had its own group-specific set of thresholds for
Ser7s, Dates, and Names). Previous analyses (see Supplementary Table 1) suggested that these
three variables contributed the most to the scalar model not fitting the data well; when allowed to
vary by intersectional group, the partial scalar model fits the data much better. The RMSEA
drops to 0.016, with a ARMSEA of 0.002 between the partial scalar and metric models; both
indices indicate that the final model meets the previously defined thresholds for a well-fitting
model. The CFI is 0.994, with a ACFI of -0.002; again, these two metrics indicate the partial

scalar model does not deteriorate significantly in fit from the metric model.
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The estimated averages from the partial scalar model increase from the scalar model
across the three intersectional groups, nearing the estimates from the configural and metric
models. Black women’s mean cognition estimate increases to -0.433, reflecting a 0.483 unit
increase between the scalar and partial scalar models. White women’s average increases as well,
changing to a positive value well above White men at 0.369, with a 0.439 unit increase in the
estimated mean. Black men’s cognition estimates show a more modest increase to -0.777,
indicating a 0.144-unit increase.

In terms of Hypothesis 2, I do not find evidence for the null or alternative hypothesis;
instead, there are more substantial increases for Black and White women, while Black men saw a
modest increase in their mean value. Figure 2 displays the partial scalar mean estimates on the
righthand side. The difference between the scalar and partial scalar models is very clear: Black
women and White women outperform their male counterparts. The unit change in the mean
values from the scalar to partial scalar model reflects the amount of bias that the scalar model
introduces. By allowing each intersectional group to have their own group-specific intercepts for
Ser7s, Dates, and Names, the gap between Black men and women and White men narrows
significantly, while White women have significantly higher cognition averages compared to

White men.

DISCUSSION

Previous research has established that cognition in aging Americans follows an expected
race- and gender-gradient reflective of historical and structural discrimination and
marginalization: Black people’s cognition fairs worse than that of White people, while women

bear the brunt of Alzheimer’s in old age compared to men. Researchers have hypothesized that
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the relationship between historical and current racism and sexism has influenced education
access and quality, leading to lower levels of cognitive reserve—a characteristic of aging brains
that can prevent or slow the onset of cognitive decline. However, previous studies on race- and
gender-based disparities in cognition have largely neglected the potential for bias in the cognition
instruments themselves. A potential answer lies in measurement invariance analysis: using a
MGCFA within an SEM framework, analysts can pinpoint if and to what extent a latent variable
is measured equivalently across socially defined groups. From there, researchers can evaluate the
amount of bias that measurement non-invariance introduces.

Bias due to measurement non-invariance viewed through an intersectional lens offers a
framework to understand how previous evaluations of cognition may have been misspecified.
My analyses show that the mean estimates from the scalar model reflect a cognition gradient that
falls along racial lines: Black men and women have similar estimates, which are below those of
White men and women. However, in the partial scalar model, where each intersectional group
has their own group-specific intercepts, the model fit improves, while the mean estimates
increase across the groups. For one, Black women saw a 0.483 unit increase in their estimated
cognition score, while White women’s estimate increases by 0.439 units. Essentially, when I
remove the bias due to measurement non-invariance, Black and White women’s cognition
estimates grow, outperforming their male counterparts. Black men saw a more modest increase,
with their mean estimate growing by 0.144 units, approximately one-fourth of the increase that
Black and White women saw.

While I find evidence for Hypothesis 1, where cognition does not meet the threshold for
scalar invariance, I did not find evidence to support Hypothesis 2. In Figure 2, the estimates very

clearly diverge from the scalar to partial scalar model, where the estimates increase significantly
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for White and Black women, both of whom have higher average estimates compared to their
male counterparts. These findings differ from those of Blankson and McArdle (2015), who did
not find differences by race and gender, separately. In the one-factor model, I do find variation at
the intersection of race and gender, which would have otherwise gone unnoticed had I not
considered the intersection of race and gender. Notably, I find substantively similar results when
I run these analyses with a two-factor model: the memory factor is invariant (i.e., equivalently
measured across race-gender groups) while the average mental status estimates increases for
Black women and White women when bias is removed (Supplementary Table 2 and
Supplementary Figure 1).

While correcting for the bias that measurement non-invariance introduces to the latent
cognition variable narrows the gap between Black women and men and White men, a large and
significant gaps still exists across all four intersectional groups. The measurement invariance
analysis has provided important information on how much bias exists, but does not completely
close the gap. The gap might be due to measurement invariance due to age or education, where
the items in the cognition variable operate differently as people age or reflect cognition
differently depending on respondents’ level of education, a topic for future studies. Aside from
measurement invariance per se, cognition may be influenced by age and education outside of
measurement bias. Ultimately, these findings open the potential for the design of a cognition
assessment developed through qualitative methodology and grounded theory. Perhaps through
these methodologies, there is the potential to develop a culturally- and gender-informed
cognition assessment that critically evaluates a universal measure of cognition.

As with any study, these analyses come with some limitations. At the extreme end of

possible limitations is that the six test items in the HRS do not measure global cognition but
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measure some other latent factor related to cognition—this is a single factor model and may not
capture the fullness of a person’s cognitive ability. The measurement invariance analysis does not
necessarily negate this possibility; however, these items have been tested and validated across
multiple populations with painstaking care, and thus are unlikely to be completely unrelated to
cognition (Herzog and Wallace 1997; McArdle et al. 2007). A less extreme limitation is
controlling the sample for age-related measurement non-invariance. As noted in the summary
statistics of the sample, White women tended to be older than Black women in the sample. Just
as testing for cognition might vary by race and gender group, measurement invariance may not
hold across time and age. For example, the ability to count backwards from 100 by sevens may
indicate functional cognition among people aged 65 and younger, but is not a test reflective of
functional cognition or cognitive decline among those aged over 65. This limitation opens the
door for future directions that utilizes these partial scalar invariance and models how these mean
values of mental status and episodic memory change over time.

Despite these limitations, this study finds evidence for measurement non-invariance and
substantial bias associated with it. Without viewing these mean differences by intersectional
race-gender groups, these average disparities in cognition would go unnoticed. Importantly, these
analyses add to the effort of the HRS and its international partners to better understand the
intricacies of measurement equivalence across diverse populations and how perhaps small

differences in measurement equivalence translate into disparities in cognition estimates.
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Table 1. Unweighted descriptive statistics of the Health and Retirement Study (HRS)
1996-2018, N=30,576

Age Year of birth Years of education
Total Mean 62.6 19394 12.7
N=30,576 SD 10.0 15.2 2.9
100.0% Min 50 1890 0
Max 105 1965 17
Black men Mean 59.7 1945.7 11.7
n=2,748 SD 8.5 14.2 34
9.0% Min 50 1900 0
Max 100 1965 17
Black women Mean 59.8 1944.9 12.7
n= 4,065 SD 9.1 14.9 2.9
13.3% Min 50 1892 0
Max 103 1965 17
White men Mean 62.9 1938.1 13.1
n=10,523 SD 10.0 14.5 3.0
34.4% Min 50 1897 0
Max 98 1965 17
White women Mean 63.7 1937.3 12.8
n=13,240 SD 10.3 15.2 2.6
43.3% Min 50 1890 0
Max 105 1965 17
Figure 1. Average overall cognition by
intersectional race-gender group with 95% CI
25.0 233 23.9 22.9
20.1 20.6 =
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15.0
10.0
5.0
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Table 2. Mean and (standard deviation) of cognition items by intersectional race-gender group,
Health and Retirement Study (HRS) 1996-2018, N=30,576

IMRC DLRC Ser7 CNTB Dates Names

Total sample 5.65 4.49 3.56 0.95 3.78 3.62
(1.73) (2.11) (1.65) 0.21) (0.53) (0.65)

Black men 4.93 3.50 2.81 0.90 3.67 3.34
(1.64) (1.90) (1.79) (0.30) (0.66) (0.81)

Black women 5.36 4.01 2.53 0.90 3.77 3.24
(1.71) (2.11) (1.82) (0.29) 0.57) (0.84)

White men 5.54 4.38 4.00 0.97 3.76 3.75
(1.70) (2.00) (1.40) (0.18) (0.54) (0.54)

White women 597 4.93 3.68 0.97 3.83 3.68
(1.71) (2.12) (1.55) 0.17) (0.46) 0.57)

IMRC = Immediate word recall; DLRC = Delayed word recall; CNTB = Count backwards from 20; Ser7 =
Serial 7s; Dates (day, month, year, day of the week); Names = Naming objects/public figures

Table 3. Single-group Confirmatory Factor Analysis by Intersectional Sub-Group, Health
and Retirement Study (HRS) 1996-2018, N=30,576

Chi-square df p-val RMSEA 95% CI CFI
Full sample 47.841 7 <0.001 0.013 0.009 0.016 0.997
Black men 20.286 7 0.005 0.026 0.013 0.040 0.991
Black women 10.059 7 0.185 0.010 0.000 0.023 0.999
White men 29.828 7 <0.001 0.018 0.011 0.024 0.996
White women 23.865 7 0.001 0.013 0.008 0.020 0.997
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Table 4. Measurement invariance mean estimates across model by intersectional race-gender
group and fit statistics by model, Health and Retirement Study (HRS) 1996-2018, N=30,576

Partial Scalar:  Unit change:

Conflfg)ural M(e?:t;ic S((:;ll)ar Ser7, Dates, Mean(4)-
Names (4) Mean(3)
Cognition
Black men -0.691*** -0.687*** -0.921*** -0.777*%* 0.144
S.E. 0.054 0.054 0.042 0.048
Black women -0.328*** -0.323*** -0.916%** -0.433 %% 0.483
S.E. 0.046 0.046 0.041 0.042
White women 0.371%** 0.375%** -0.070** 0.369%** 0.483
S.E. 0.034 0.034 0.025 0.031
Model fit statistics
Chi-square 84.119 103.406 1406.572 140.639
df 28 43 88 49
RMSEA 0.016 0.014 0.044 0.016
ARMSEA — 0.002 0.025 0.002
CFI 0.996 0.996 0.911 0.994
ACFI — 0.000 -0.085 -0.002
Note: Ser7 = Serial 7s; Dates = Dates (day, month, year, day of the week); Names = Naming objects/public
figures

*#%p <0.001 **p<0.01 *p<0.05.

Configural invariance (1): factor loadings and intercepts/thresholds are estimated freely so that each group
has their own group-specific factor loadings and intercepts/thresholds; Metric model (2): factor loadings are
set to that of the reference group (White men), while the intercepts/thresholds are freely estimated; Scalar
model (3): factor loadings and intercepts/thresholds are set to that of the reference group; Partial scalar
model (4): factor loadings and the intercepts/thresholds for IMRC, DLRC, and CNTB are set to that of the
reference group, while Ser7s, Dates, and Names are freely estimated.

The mean estimate is quantified as the sub-group compared to the reference group (White men), which is set
to zero.
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Figure 2. Scalar and partial scalar model
mean estimates from Table 2
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SUPPLEMENTARY TABLES AND FIGURES

Supplementary Table 1. Measurement invariance mean estimates across model by intersectional race-gender group and fit statistics by model in
the one-factor model, Health and Retirement Study (HRS) 1996-2018, N=30,576

Config. Metric Scalar Scalar, Scalar, Scalar, Scalar, Scalar, Scalar, Partial Change:
(D) ) 3) IMRC DLRC CNTB Ser7 (7) Dates (8)  Names scalar (10)  Ave.(10)
(4) 5) (©) ©) -Ave.(9)
Cognition
BM -0.691***  _0.687***  -0.921%** _1.018*** -0.937*** _0917*** -0.804%** -0.945%** _0.92]*** . TFTTF** 0.144
S.E. 0.054 0.054 0.042 0.046 0.042 0.042 0.044 0.041 0.043 0.048
BW -0.328***  _0.323%** .0916%** -1.073%** .0.992%** _0921*** .0.596%** -0.966*** -0.885%** (). 433%** 0.483
S.E. 0.046 0.046 0.041 0.046 0.042 0.041 0.043 0.040 0.041 0.042
WWwW 0.371%**  (0.375%** .0.070**  -0.140*** -0.141%** -0.074** 0.209%**  .0.099***  .0.054* 0.369%** 0.439
S.E. 0.034 0.034 0.025 0.027 0.026 0.025 0.027 0.025 0.026 0.031
Model fit statistics
Chi-sq. 84.12 103.41 1406.57 1121.87 1106.89 1406.07 655.16 1147.01 1336.67 140.64
df 28 43 88 85 85 85 73 76 76 49
RMSEA 0.016 0.014 0.044 0.040 0.040 0.045 0.032 0.043 0.047 0.016
ARMSEA — -0.002 0.025 0.026 0.026 0.031 0.018 0.029 0.033 0.002
CFI 0.996 0.996 0.911 0.930 0.931 0.910 0.961 0.927 0915 0.994
ACFI — 0.000 -0.085 -0.066 -0.065 -0.086 -0.035 -0.069 -0.081 -0.002

Note: BM = Black men; BW = Black women; WW = White women.

Ser7 = Serial 7s; Dates = Dates (day, month, year, day of the week); Names = Naming objects/public figures
*#%p <0.001 **p<0.01 *p<0.05.
Configural invariance (1): factor loadings and intercepts/thresholds are estimated freely so that each group has their own group-specific factor loadings and
intercepts/thresholds; Metric model (2): factor loadings are set to that of the reference group (White men), while the intercepts/thresholds are freely estimated;
Scalar model (3): factor loadings and intercepts/thresholds are set to that of the reference group; Scalar, IMRC (4)—Scalar, Names (9): factor loadings and
intercepts/thresholds except for the item indicated are set to that of the reference category, while the indicated item is freely estimated; Partial scalar model (10):
factor loadings and the intercepts/thresholds for IMRC, DLRC, and CNTB are set to that of the reference group, while Ser7s, Dates, and Names are freely

estimated.

The mean estimate is quantified as the sub-group compared to the reference group (White men), which is set to zero.
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CHAPTER 3. SECOND-ORDER LATENT GROWTH MODEL OF COGNITION AT THE
INTERSECTION OF RACE AND GENDER: REMOVING BIAS REDUCES DISPARITY
BETWEEN BLACK WOMEN AND WHITE MEN

ABSTRACT

In the broader social sciences and specific field of demography, scholars have made a
concerted effort to understand and explain differences in cognition trajectories by race and
gender in old age. Many studies on cognitive decline attempt to explain race and gender
differences using sociologically-relevant contextual variables—such as education,
socioeconomic status, stress, and geography—that moderate the association between race,
gender, and cognitive decline. However, these commonly explored individual and contextual
variables fail to fully account for race- and gender-based disparities potentially for reasons rooted
in how cognition is conceptualized and measured. A potential answer lies in assessing
longitudinal measurement invariance—which is the foundational assertion that latent variables
are captured equivalently over social dimensions and time—in cognition over not just race and
gender, but at their intersection. Using data from 1996 to 2018 in the Health and Retirement
Study (HRS), I calculate a second-order latent growth model, which permits me to calculate the
amount of bias in the measurement of cognition over age. Removing bias from the cognition age-
trajectories of Black women, Black men, White women, and White men results in a 50%
reduction in the gap between Black women and White men. This novel modeling strategy
demonstrates the importance of assessing and correcting for bias in the measurement of

cognition trajectories across race-gender groups.
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INTRODUCTION

In the broader social sciences and specific field of demography, scholars have made a
concerted effort to understand and explain differences in cognition trajectories by race and
gender in old age. The endeavor is for good reason: as the U.S. population continues to age and
become more diverse (U.S. Census Bureau 2018; Vespa et al. 2020), the prevalence of cognitive
impairment is expected to grow by 60% between 2020 and 2050 (Alzheimer’s Association
2020), with the burden of Alzheimer’s and related dementias (ADRDs) falling disproportionately
on the shoulders of more Black people than White people, and more women than men (Rajan et
al. 2021; U.S. Census Bureau 2021). These enumerations reflect a pressing public health
concern. Social scientists frequently utilize large, nationally-representative, longitudinal surveys
that collect data on cognition to explain these race- and gender-based disparities by controlling
for social and contextual factors that systematically differ by race and gender. However, the
ability of commonly explored individual and contextual variables to fully account for such
disparities—such as education (Farina et al. 2020; Hale, Schneider, Mehta, et al. 2020; Hayward
et al. 2021), socioeconomic status (SES) (Faul et al. 2021; Fujishiro et al. 2019), stress (Chen et
al. 2022; Cintron et al. 2023), and geography (Byrne and Anaraky 2022; Pohl et al. 2021)—are
limited. This may be for reasons rooted in how cognition is conceptualized and measured. Thus,
a question remains: what accounts for the race and gender differences in cognition trajectories
over age? A potential answer lies in longitudinal measurement invariance over race and gender.

Social scientists often calculate latent variables in order to compare differences across
social dimensions and time. Measurement invariance is a foundational assertion that the latent
variable of interest—here, cognition—is captured by the same set of questionnaire items over

social dimensions and time (Horn and McArdle 1992). Without ensuring that latent variables are
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invariant (i.e., that the latent variables are measuring the same underlying construct across social
groups and time), it may be that scholars are comparing proverbial apples to oranges, and not
apples to apples (Clark and Donnellan 2021; Meredith and Teresi 2006). Potentially, some
proportion of the differences in cognition in the aforementioned studies are not real differences
in cognitive abilities but an artifact of measurement non-invariance, where survey items and tests
do not capture the same underlying construct across social dimensions and age (Horn and
McArdle 1992). Much like other “universal” measures of intelligence or aptitude, previous
analyses find that race and social class are the best predictors of success on IQ tests and the SATs
(Wicherts 2016; Wicherts and Dolan 2010; Zwick 2019). Cognition assessments may suffer from
a similar flaw: cognition questions may not capture a universal measure of cognition, but
measure the ways that societal expectations and norms shape people’s cognitive abilities. For
example, cognition assessments frequently include a memorization task. Due to gendered
socialization and expectations around memory—Iike remembering birthdays, engagements, and
names—women perform better on this task than men. This item would be considered biased if
women systematically performed better on this task than men, despite both groups having similar
levels of cognition. It is thus imperative to test and adjust for measurement non-invariance in age
trajectories of cognition over race and gender because the bias due to measurement non-
invariance may be interpreted as “true” race, gender, and age differences in cognition.

Bias in the measure of cognition may incorrectly lead researchers to conclude that there
are differences in cognition over race and gender when, in reality, the disparity is much smaller.
In order to ensure unbiased measurements of cognition trajectories over race and gender, I utilize
a type of growth model: a second order latent growth model, discussed in detail in the

Background section. This strategy permits me to compare how group-specific cognition
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trajectories behave in a biased, unadjusted model relative to an unbiased, adjusted model that
modifies the cognition measurement. This approach ensures that cognition is invariant (i.e.,
measured equivalently) across race and gender groups. Not only is measurement invariance by
race and gender important separately, but it must be considered at their intersection to fully
account for the complexities that multiple, intertwining social statuses have on cognition that
may be missed when statuses are treated separately. In addition, I borrow from demographic
research on lifespan variation (Firebaugh et al. 2014; Sasson 2016) to conceptualize and
hypothesize how variation in cognition trajectories behave across intersectional race-gender
groups. I use longitudinal data from the Health and Retirement Study (HRS) in order to
determine how four intersectional race-gender groups differ in their initial cognition in early old
age (starting at age 65) and how the group-specific averages change over time into old age to age
80. By comparing an unadjusted, biased model to an adjusted, unbiased model, I can quantify
how much bias measurement non-invariance introduces into the intercept, slope, and variation of
the trajectories. The unadjusted model will reflect the findings of previous scholars that have not
taken into account invariance at the intersection of race and gender over age trajectories. The
adjusted model removes the potential bias that I demonstrate superficially diminishes the
cognition trajectories of marginalized groups and bolsters the trajectories of privileged ones. This
novel modeling strategy generates unbiased measures of cognition over age and intersectional

race-gender group.
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BACKGROUND

Aging and Lifespan Variation: A Consideration of Cognition

Cognition is a growing concern in the United States given its rapidly aging and changing
population. Projections from the U.S. Census estimate that by 2030, one out of five Americans
will be over the age of 65 (Vespa et al. 2020) and by 2034, for the first time ever, there will be
more adults over the age of 65 than children under 18 years-old (Vespa et al. 2020). In addition,
the race and gender composition of people over 65 is projected to change significantly: census
projections predict that over the next 40 years, the elderly population will have a larger
proportion of Black and Latine people compared to today and a smaller proportion of White
people, while women are expected to continue to outlive men, though the sex ratio gap in older
ages is projected to decrease over time (U.S. Census Bureau 2018; Vespa et al. 2020). These
demographic changes in the aging population are important to understand given the wide
disparities in cognitive decline and ADRDs. The prevalence of ADRDs is projected to grow by
60% between 2020 and 2050, barring any major medical breakthroughs to prevent, slow, or cure
ADRDs (Alzheimer’s Association 2020). Aging—and its co-occurring changes in cognition—as
a process is both sociologically and demographically important because it is yet another arena
that is subject to social stratification (Crimmins 2020; Crimmins and Zhang 2019; Qiu and
Fratiglioni 2018). Given current disparities in ADRDs by race and gender in the United States
(Alzheimer’s Association 2022; Power et al. 2021; Rajan et al. 2021), the burden of ADRDs will
fall disproportionately on the shoulders of more Black people than White people, and more
women than men (Chéne et al. 2015; Hebert et al. 2001; Rajan et al. 2021; U.S. Census Bureau
2021) despite overall improvements in the prevalence and incidence of ADRDs over the last 30

years (Langa 2015; Roehr et al. 2018). However, a concept missing from these previous studies
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is the quantification of variation in cognitive decline and its implications for disparities in
cognition age trajectories. One way to construct a variation argument is to borrow from
demographic theories of lifespan variation to conceptualize how variation in cognition
trajectories over intersectional race-gender groups is another form of inequality experienced by
marginalized groups.

The concept of the “compression of morbidity” in demography is an important
characterization of how trends in the predominant causes and rates of mortality have changed
over the last century. James Fries proposed that, as lifespans in the population reach their
biological limit and as the primary causes of death shift away from infectious disease and infant
and maternal mortality to chronic illnesses of old age, mortality rates will be concentrated
towards older ages with less variability, leading to a so-called “rectangularization” of survival
curves (1980). Fries believe that accompanying this shift in mortality concentration will be a
similar shift in morbidity concentration and rectangularization, where people will live longer
lives with fewer years lived with disabilities and chronic illnesses (Fries 1980, 2005). However,
the prediction was more prescriptive than descriptive. Not only have lifespans continued to rise
with little evidence of reaching a biological ceiling (Christensen et al. 2009; Oeppen and Vaupel
2002), but increased mortality has brought with it increased morbidity: though people are living
longer, the onset of disability (e.g., functional loss, cognitive decline) and chronic illness (e.g.
heart disease, diabetes, osteoporosis) has not kept up with life expectancy, and thus has led to
more years lived with morbidities (Crimmins and Saito 2001; Martin, Schoeni, and Andreski
2010; Schneider and Brody 1983). Additionally, researchers have found that despite increases in
life expectancy and individual lifespans (both measures of average years of life lived), the

variation around when people die has increased (Bohk-Ewald, Ebeling, and Rau 2017;



53

Engelman, Canudas-Romo, and Agree 2010; van Raalte and Caswell 2013; Tuljapurkar 2011).
So-called lifespan variation captures the degree to which populations and sub-groups are nearing
a rectangularized survival curve, where the preponderance of death occurs in a small interval in
late life (van Raalte, Sasson, and Martikainen 2018). Greater lifespan variation points to both
premature and preventable deaths as well as greater uncertainty in mortality outcomes for
individuals and greater heterogeneity in populations. Lifespan variation as a marker of inequality
is further evidenced by the greater lifespan dispersion among Blacks compared to Whites and
those with lower compared to higher levels of education (Firebaugh et al. 2014; van Raalte and
Martikainen 2014; van Raalte et al. 2018; Sasson 2016). Thus, not only are the mean estimates of
life expectancy important to gauge health disparities, but lifespan variation must also be
considered to quantify the health and well-being of populations. The concept of lifespan
variation can be generalized to cognition to better understand how variation in cognition
trajectories is another facet of inequality.

Cognition is an important facet of health in the later years of life. Though subtle changes
in cognition in old age are expected as early as age 60 (Salthouse 2019), these small declines
usually do not bar people from being able to continue to take care of themselves (perhaps with
assistance), enjoy leisure activities, and have meaningful social relationships. Though the
incidence and prevalence of ADRDs have decreased substantially over the last 20 years (Dufouil
et al. 2018; Langa et al. 2008; Leggett et al. 2019), the decline in ADRD rates have not been
equally distributed: people with higher levels of education have delayed onset of dementia and
lower rates of ADRDs compared to those with lower education, while Black women and men
have comparatively earlier diagnoses compared to their White counterparts ((Chen and

Zissimopoulos 2018; Crimmins et al. 2018; Farina et al. 2020). Just as the lifespan variability
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imparts uncertainty on those in marginalized groups (Bohk-Ewald, Ebeling, and Rau 2017;
Tuljapurkar 2011), variation between intersectional race-gender group in cognition trajectories
over age represent uncertainty for individuals as well as greater heterogeneity at the group- and
population-level in cognitive decline. The wide disparities in diagnoses of ADRDs and
disparities in cognitive decline by race and gender additionally imply these rates are intervenable
and modifiable. Wide variation in cognitive decline and the prognosis and function of cognition
poses challenges to marginalized groups that do not have the privilege of certainty. In order to
quantify differences in the level of variation between intersectional race-gender groups, I utilize
a statistical method that allows me to both account for measurement bias over race-gender
groups and age as well as determine the level of uncertainty, or variation, between each group’s

cognitive decline.

Compression of Cognition with Individual-Level Longitudinal Data

Studies on lifespan variation necessarily use population-level estimates of age-specific
mortality and morbidity rates. However, in the following analyses, I model cognition variation
with individual-level longitudinal data from the HRS using a variation of a growth curve model.
The obvious difference between growth curve models and estimation of lifespan variation is that
growth curves follow individuals over time by estimating mean and covariance structures within
a structural equation modeling (SEM) framework (McArdle and Epstein 1987; Meredith and
Tisak 1990). Results from growth models convey how the outcome variable changes as a result
of time or age by producing latent growth factor intercepts and slopes (Byrne 2011; Kline 2015;

Wang and Wang 2012). Growth models have the capability of modeling change over time—with
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repeated measures within individuals—at the individual- and group-level, or interindividual and
intraindivdual level, respectively (Chou, Bentler, and Pentz 1998; Meredith and Tisak 1990).

Aging and declining cognition are often considered together because of their inextricable
link, which makes a latent growth model the most appropriate method to quantify cognition over
age. The latent growth model treats repeated measures of the outcome variable as a function of
age, implying that the central mechanism for the outcome’s change is the aging process (Byrne
and Crombie 2003; Chou et al. 1998). The basic growth model can be described in the following
equation: yy; = no; + N1iA¢ + & Where y,; is individual i’s observed outcome at time #; 1y; is the
latent growth intercept for individual 7; 1,; is the latent slope factor for individual i; A,is the time
measure for time #; and &;; is the composite error term that includes random measurement error
for individual i. This equation summarizes the individual- or person-level trajectory. The latent
intercept and slope factors can be further reduced to ny; = ny + ¢p;, where 7, is the grand mean
of the sample intercept and ¢,; is the error term in the intercept factor for individual 7; and n;; =
11 + ¢1i, Where 711 is the overall sample’s average change over time and ¢; is the error term for
the slope factor individual, i. The reduced form simplifies to y;; = 1o + 114¢ + (Soi + 1:61; +
&) (Byrne and Crombie 2003; Meredith and Tisak 1990; Wang and Wang 2012). The resulting
model is composed of a fixed component (1, + ;1) that measures the outcome variable y;; at a
specific timepoint, ¢z, and random component (¢y; + 4:61; + &) that includes three sources of
variation: between-person variation around the intercept factor (g,;); between-person variation in
the slope factor (4;¢;;); and within-individual variation over time (&;). Importantly, the output
from the above model estimates the covariance between ¢,; and ¢;;, which conveys the

association between the initial outcome and change over time (Wang and Wang 2012).
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The covariance between the latent intercept and the slope factors is important component
for indicating variation in cognition. A statistically significant coefficient for this statistic
conveys whether there is an association between the two statistics, i.e., the two estimates are
predictable (Pillinger 2020). For example, a negative and statistically significant covariance
between the intercept and slope factors indicate that higher initial values of the outcome variable
are associated with negative changes over time, which indicates that the trajectories are
converging (Pillinger 2020; Wang and Wang 2012). In terms of cognition variation, this
represents a more certain, homogenous trajectory. The absence of a statistically significant
covariance indicates that there is no relationship between the intercept and slopes. Regardless of
the initial level of the outcome variable, the rate at which the outcome variable changes is not
statistically predictable, neither converging or diverging (Pillinger 2020). Thus, people with
higher cognition do not predictably decline at similar rates, nor do people with lower levels of
cognition. Again, as discussed earlier, cognition universally declines as people age; however, a
statistically significant covariance between the intercept and slope indicates greater certainty at
the individual-level and less heterogeneity at the group-level (Pillinger 2020). Highlighting the
often-overlooked covariance of the intercept and slopes further deepens our understanding of

inequality in cognitive decline.

HYPOTHESES: UTILIZING INTERSECTIONAL THEORY TO MEASURE INEQUALITY
IN COGNITION TRAJECTORIES

Bias due to measurement non-invariance over age viewed through an intersectional lens
offers a framework to examine bias in cognition assessments. Popularized by Kimberlé

Crenshaw, intersectionality theory argues that multiple social statuses must be considered as
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existing simultaneously to acknowledge the unique intersecting, multiplicative systems of
oppression those groups experience (Crenshaw 1989, 2017). While acknowledging Crenshaw’s
original impetus was to highlight systems of oppression and, particularly, erasure of Black
women’s experiences of discrimination, intersectionality theory widened the scope of how social
scientists view power and inequality, especially in the quantitative social sciences (Bauer 2014;
Carbado and Roithmayr 2014; Cho et al. 2013). The following analyses consider two areas
within which intersectional inequality may be operating: one is at the measurement level and one
at the cognition trajectory level. The measurement level considers how much bias there is in the
measure of cognition, which is evaluated by performing a measurement invariance analysis
(outlined further in the Methods section). The second area is evaluating the trajectories
themselves, specifically the intercepts, slopes, and their covariance. As previously noted, I will
be comparing two latent growth models: one unadjusted, biased model and one adjusted,
unbiased model. The crux of these analyses is to evaluate the intercept, slope, and intercept-slope
covariance for the unadjusted and adjusted model, and to compare the estimates from the two

models to quantify the level and direction of bias.

Hypothesis 1: Intercepts

In my previous chapter, I found in the cross-sectional sample of adults over the age of 50
that when the measurement model is not adjusted (i.e., in the scalar model), the mean estimates
had greater variation by race than by gender: Black women and men had similar cognition
estimates that were than the estimates of White women and men. Using this information, I expect
the intercepts of the growth model—or average cognition at age 65-66—will reflect similar

variation by race and not gender. In statistical notation:
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Nowm = Noww > No,sm = Mo,em
Where 1¢ ) 18 the grand mean intercept for White men (WM), 1 1 1s the grand mean
for White women (WW), 1¢ s is the grand mean for Black men (BM), and 7 gy is the grand
mean intercept for Black women.

In Chapter 2, when I adjusted the measurement model to equivalently measure cognition
across the four race-gender intersectional groups, the mean estimates for Black women and
White women shifted up, resulting in significantly higher mean values compared to their
respective male counterparts. Thus, I expect in the adjusted model that White women will have
the highest intercept, followed by White men, Black women, and Black men. In statistical

notation, the hypothesis is as follows:

Noww = Nowm = No,sw = No,BM

Hypothesis 2: Slopes

The linear slope on age will be negative across all four groups, where cognition is
decreasing with age for both the unadjusted and adjusted models. Based on theories of
intersectionality, conceptualizations of the compression of morbidity, and my previous
hypothesis of how the intercepts will behave, I hypothesize that in the unadjusted, biased model,
White women and White men will have similar slopes that are more negative than Black women
and Black men. This is because, as I previously hypothesized with regard to intercepts, White
women and White men will have the highest intercepts in the unadjusted, biased model, and thus

the capacity to have large, negative slopes. In statistical notation, the hypothesis is as follows:

Niwm = Nww < Mi,am = M1,BMm
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where 1, 1y 1s the grand mean slope for the White men (WM) group; 1, yw/is the grand mean
slope for White women (WW), 1, gy is the grand mean slope for Black men (BM), and 71, gy is
the grand mean slope for Black women (BW).

In the adjusted model, I expect the slopes will become more negative (decrease) for
White women and Black women because their intercepts will presumably increase, and thus have
the capacity to decline faster. I anticipate Black men and White men will have the same slopes.

This will lead to a similar differentiation of slopes as predicted for the intercepts:

Noww < Niwm < Ni,pw < N1,8M

Hypothesis 3: Covariance of slope and intercept

The covariance between the slope and intercept of the unadjusted model will be
statistically significant and negative (i.e., higher intercepts are associated with more negative
slopes) for White women and White men, but will be not statistically significant for Black
women and Black men. The reason for this is that White women and men have greater group-
level homogeneity in their cognition trajectories compared to Black women and men, reflecting

greater certainty in their trajectories:
COV(Coi,WW; C1i,WW) <0, COU(Coi,WW' CLiww ) <0

COU(COL’,BM; C1i,BM ) =0, COU(CO;’,BW' C1i,Bw ) =0

where ¢o; group 18 the between-person variation in the intercept and ¢q; grup 1S the between-
person variation in the intercept. The covariance between ¢o; group and 61; group Will be

significantly less than zero for White women and White men, while the covariance will be

indistinguishable from zero for Black women and Black men.



60

In the adjusted model, I predict the covariance will be negative and statistically
significant for Black women, White women, and White men. I believe Black men will not
experience a change between the unadjusted and adjusted models because there is little evidence
that adjusting for measurement invariance leads to changes in average cognition (as evidenced

by results in Chapter 1). In statistical notation, the hypothesis is as follows:
COV(Coi,WW' C1i,WW) <0, COU(Coi,WW; C1i,WW) <0, COv(COi,BW; Cli,BW) <0

COV(Coi,BM: C1i,BM ) =0

METHODS

Data

The Health and Retirement Study (HRS) is a nationally representative longitudinal study
of Americans over age 50. The HRS is an ideal data set for these analyses given its focus on
aging populations and rich, detailed data collection. Respondents are surveyed once every two
years and a new cohort is introduced every six years. The study draws its respondents using a
probability sample of households in which at least one member is over 50 years old and non-
institutionalized. The survey began in 1992, and recently released its 15™ wave of data for 2020
(although without sampling weights). The HRS is sponsored by the National Institute on Aging
(grant number NIA U01AG009740) and is conducted by the University of Michigan. The present
study uses data from 1996 (Wave 3—from which point cognition questions are asked
consistently) to 2018 (Wave 14), the most recent wave for which sampling weights have been
calculated (Health and Retirement Study 2022; RAND Corporation 2022). The sampling
weights, stratum, and clustering variables account for the HRS’s sampling structure, which

oversamples Black populations, Hispanics/Latines, and Florida residents (Health and Retirement
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Study 2022; RAND Corporation 2022). These weights are used in the following the analyses.
These data are publicly available online, in a harmonized, cleaned, and coded user-friendly

dataset produced by RAND corporation (RAND Corporation 2022).

Dependent Variable

Cognition in the HRS is assessed using the HRS-Telephone Interview for Cognitive
Status (HRS-TICS). The twelve tests in the HRS-TICS measures two umbrella concepts:
episodic memory and mental status. The TICS uses assessments to measure episodic memory: an
immediate word recall (IMRC) and delayed word recall (DLRC) test. Respondents are given a
list of ten words from four possible lists and are asked to immediately recall as many words from
the list to the best of their ability (IMRC) and to complete the same task five minutes later
(DLRC) (McArdle et al. 2007). Scores range from 0 and 10 for both tests.

The remaining cognitive tests measure mental status, and include: serial 7s test (count
backward from 100 by 7 for 5 trials; scored 0-5); counting backwards from 20 for ten continuous
digits in two trials if needed (scored 0-2); identifying a cactus and a pair of scissors after
listening to a description (scored 0 or 1 for each; scored 0-2); correctly naming the current
president and vice president (scored 0 or 1 for each; scored 0-2); and stating the day’s date (day,
month, year, day of the week; scored 0-4). Frequently, scholars sum together the memory and
mental status scores to create a composite cognition score with possible values from 0 to 35
(McAurdle et al. 2007; McCammon et al. 2022; Ofstedal et al. 2005).

For the purposes of this study, I recode the cactus, scissors, president, and vice president
dummy variables into a single four-point ordinal categorical variable (referred to as “Names”).

The pursue the same strategy for the date dummy variables, referred to as “Dates”. The recoding
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is necessary because these two sets of dummy variables are highly correlated and fit the data
better as two ordered categorical variables as opposed to eight dummy variables. Lastly, the
counting backwards from 20 variable is recoded to a dummy variable, where respondents who
successfully completed the test in one or two trials are assigned “1” (named “CNTB”). I recoded
this because very few people were unable to count backwards from 20 on their first try, and thus
would not contribute to the measurement model of cognition. More substantively, I wanted to
differentiate between who was able versus unable to complete the task, and not necessarily to
what degree respondents were able to complete the task. Notably, the Names and Dates variables
are recoded as described in other foundational works on measurement properties of the HRS’s

cognitive function factor (McArdle et al. 2007; Ofstedal et al. 2005).

Predictor variables

The intersectional identities of particular interest in this chapter are respondents’ race,
ethnicity, and sex (referred to as gender hereafter). Race is measured as Black, White, or other in
the HRS. I exclude in this study respondents who identified as other, leaving only those who
self-identified as Black or White. I made this choice because the Black and White categories
make up the majority of racial identities in the HRS and, more importantly, the heterogenous
“other” category does not have racial distinctions in the Public Use data; if [ were to include it in
my analysis, [ would not know which racial(ized) category respondents belong to.

Ethnicity is measured as self-identifying as Hispanic or non-Hispanic. I excluded those
who identified as Hispanic because of the heterogeneity in Hispanic origin, which is only crudely
categorized as “Mexican” and “other” in the Public Use data. I made this decision on the basis

that people who identify as non-Hispanic White and non-Hispanic Black are less likely to speak
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English as a second language. If I were to introduce Hispanic/Latine respondents, it is likely that
the source of measurement non-invariance would be due to language barriers, as opposed to
focusing on bias due to the hegemony of White men. A crosstab of the race and ethnicity
variables resulted in the two race/ethnicity groups of interest in this study: non-Hispanic White
(referred to as White hereafter) and non-Hispanic Black (Black hereafter).

Gender was measured as a binary, either male or female. I acknowledge that
conceptualizing gender beyond a simple binary is a worthwhile investigation in terms of
measurement invariance and is well established in gender studies as a social status that brings
with it its own systems of oppression. However, besides the fact that the HRS only provides
“female” and “male” answer options, my theoretical motivation for this paper relies primarily on
the health impacts of (White) male hegemony. Future studies ought to include measurement bias
related to non-binary or transgender respondents. The focal intersecting social statuses in this
chapter are race/ethnicity (Black and White) and gender, which combine to create four sub-
groups: Black men, Black women, White women, and White men. These race-gender
intersectional groups represent the social statuses that either (in the case of White men) benefit
from or (in the case of the remaining three groups) are harmed by the primacy of White
patriarchy and its centrality in cognition assessments.

Age is the fundamental axis on which cognition changes and, thus, is the central
independent variable with regard to changes in cognition. While this presents a missing data
issue—there are far fewer people missing across 12 waves of data compared to 50 age
categories—Mplus, by default, uses a full information maximum likelihood (FIML) to estimate
the models (Muthén and Muthén 2017). The benefit of FIML is that it produces unbiased

estimates and standard errors even with missing data (assuming data is missing at random
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[MAR]) by estimating a likelihood function for each individual using all available data (Enders
and Bandalos 2001). The HRS conducts a full cognition assessment at respondents’ initial
survey, then again when the respondent is at least 65, and at every wave thereafter (Ofstedal et al.
2005). Between their initial wave to age 65, the respondents are given a partial battery, which
only includes immediate (IMRC) and delayed word recall (DLRC), counting back from 20
(CNTB), and counting back from 100 by 7s (Serial 7s) (Ofstedal et al. 2005). To further
minimize the aforementioned missing data issue, the sample is restricted to people aged 65 to 80
to avoid the empty cells for the full battery between age 50 to 65. Finally, because respondents
were surveyed once every two years, the data were collapsed into two-year age categories
starting with age 65-66 up to age 79-80. However, because the HRS did not necessarily interview
respondents within the wave year, respondents often were grouped twice in one category because
the interview date was less than two years apart from the previous interview. To ensure that
respondents had only one observation per two-year age interval, I recoded age to reflect the age
that respondents were in the wave year, not the interview year. This resulted in every respondent
being in one two-year age category to maximize the sample size and minimize missing data;
however, this led to ~25% of the sample to be in an age category one year higher than their
actual age. This is the most logical data format since the shift up in age is presumably random
and given that the alternative would require separate age categories which would leave one-year

age gaps across a majority of respondents.

Analytic Plan
I conducted a multi-group second order (or multiple indicator) latent growth model

(SGM) within a structural equation modeling (SEM) framework to test for measurement
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invariance of cognition by intersectional race-gender groups over age. Substantive measurement
invariance analyses were conducted using Mplus version 8.8 (Muthén and Muthén 2017). The
SGM differs from the better-known first order (or single indicator) latent growth curve model
(LGCM) in that there are two parts: the measurement model and the latent growth model. The
advantage of this two-step process is that it allows researchers to test for measurement invariance
of the latent factor over repeated measures and over groups (Chan 1998; Geiser, Keller, and
Lockhart 2013; McArdle 1988). Building from chapter one, I estimate separate measurement
models for eight two-year age groups (i.e., 65-66, 67-68, 69-70...79-80), focusing only on the
scalar and partial scalar models from my previous chapter. The second step utilizes the latent
cognition factors at each time point from the first step and models them in a LGCM over eight
two-year age groups. The resulting LGCM estimates a latent intercept factor and latent slope
factor for each race-gender group. These latent intercepts and slopes represent the growth
trajectories, or estimated underlying growth process that leads to differential trajectories in the
latent factor (Kline 2015; McArdle and Epstein 1987; Meredith and Tisak 1990). In this chapter,
the intercept represents the average latent cognition factor for each race-gender group at age 65
to 66. The latent slope factor measures the average change in the latent cognition factor over age,
measured here in two-year intervals. The LGCMs in this chapter are linear models with
continuous outcomes.

Before running an SGM, the measurement model must first be identified since, as is,
there are more parameters than there are unique values to predict them (Kline 2015). To identify
the model, the cognition factor requires a scale since latent factors lack an inherent metric (Sass
2011). According to experts, the scaling variable should not be random, but based on which item

in the measurement model is “most invariant” (Cheung and Rensvold 1999; Sass 2011), which in
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this case is the IMRC item. The factor loadings for the IMRC item are set to one across all race-
gender groups. The remaining factor loadings for DLRC, CNTB, Ser7, Names, and Dates are
time-invariant and set to that of the reference group (White males) across the intersectional race-
gender groups. In addition, the intercepts for the IMRC item are set to zero at each time point
and across all race-gender groups. The two models of interest—the scalar and partial scalar
models—differ in how their remaining intercepts are modeled. In the scalar model, the remaining
items (DLRC, CNTB, Ser7, Names, and Dates) time-invariant and are set to that of the White
male group for all race-gender groups. In the partial scalar model—the specification of which I
determined in Chapter 1—the intercepts remain time-invariant, while the DLRC and CNTB
intercepts are set to that of the White male group and the Ser7, Names, and Dates intercepts are
freely estimated across the intersectional race-gender groups. The time-invariance of the scalar
and partial scalar model is a substantive decision given current evidence finds that the cognition
factor is invariant over age and time (Avila et al. 2020; Barnes et al. 2015; Blankson and
McArdle 2015). This lack of variance means the relationship between item factor loadings and
intercepts with the latent cognition factor do not change over age or time.

As previously noted, the focus of this chapter is on the unadjusted or scalar SGM and
adjusted, or partial scalar SGMs. An important facet of SGMs is the model fit, which conveys
how well the measurement model and LGCM fit the data across intersectional race-gender group
(Ferrer, Balluerka, and Widaman 2008). Similar to the multi-group confirmatory factor analysis
of the previous chapter, I determine whether model fit improves between the scalar and partial
scalar SGMs models. I utilize three goodness-of-fit indices: the y?, the root mean square error of
approximation (RMSEA), and the Comparative Fit Index (CFI). The y? is a general fit index that

is heavily influenced by sample size and may show statistically significant differences in model
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fit when in fact the model fit differences are negligible (Chen 2007; Cheung and Rensvold 2002).
As Cheung and Rensvold (2002) recommend, I focus on the RMSEA and CFI as indicators of
model fit because they are superior indices for detecting non-invariance in complex models with
large sample sizes. Substantively, the RMSEA evaluates the degree to which the estimated model
differs from that of a theoretical fully saturated model, where all variance and covariance is
explained, thus numbers closer to 0 indicate better fit. The CFI, on the other hand, measures the
discrepancy between the estimated model and a theoretical baseline model where none of the
variance and covariance is explained. Thus, a number closer to 1 indicates a better fit (Lai and
Green 2016). To employ these model fit statistics, I utilize common cutoffs that previous scholars
have recommended, specifically applying threshold values at or below 0.05 for the RMSEA and
values at or above 0.95 for the CFI to indicate a well-fitted model (Svetina et al. 2020; Wilson et
al. 2023). To gauge whether model fit improves between the more restrictive scalar SGM and
less restrictive partial scalar SGM, I utilize the ARMSEA and ACFI, which are the differences
between the indices from two models. To determine if the model fit changed significantly, values
of ACFI less than -0.005 or ARMSEA values greater than 0.010 indicate poorer fit and evidence
that invariance at that level does not hold (Chen 2007; Cheung and Rensvold 2002; Svetina et al.
2020).

In addition, I compare the latent growth factors—intercepts and slopes—between the
scalar and partial scalar models across intersectional race-gender group. Similar to calculating
the mean change between the scalar and partial scalar models, I calculate the percent change in
the intercepts and slopes and additionally plot the cognition trajectories over the four race-gender
groups and eight two-year age intervals. The percent difference of the intercepts and slopes

between the scalar and partial scalar model represents the amount of bias that the scalar model
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introduces into traditional single-indicator latent growth curve model. The partial scalar model’s

intercepts and slopes will represent the unbiased race-gender cognition trajectories.

Current Study Sample

The starting sample in the HRS for Waves 3 (collected in 1996) to Wave 14 (collected in
2018) is N = 232,326 individual observations among 39,958 respondents. To be included in the
analytic sample, respondents had to have non-missing values for race, ethnicity, gender, and
sampling weights; respond to the interview themselves and not by proxy; and be aged 65 to 80.
The final sample size is N =16,444 respondents, with 965 Black men, 1,556 Black women, 6,006

White men, and 7,917 White women.

RESULTS

Fit Indices for Multi-Group, Multi-Indicator Latent Growth Models

The fit of the scalar model (Table 3) reflects how well the data fit when the factor
loadings and intercepts of the cognition measurement model for the growth model are both time-
invariant and set to the reference group, which in this case is the White male group. The model
fit indices are mixed. The RMSEA is 0.017, which suggests a well-fitted model, with the statistic
falling under the threshold of 0.05. The scalar model’s CFI is 0.892, which is well below the
threshold for a well-fitting model. In the partial scalar model, the intercepts of the Ser7s, Names,
and Dates items are estimated freely across intersectional race-gender groups, but are invariant
with regard to time. Similar to the scalar model, the fit indices point to a semi-well-fitted model,
with an RMSEA of 0.017 and an RMSEA of 0.901. The change in fit between the scalar and

partial scalar models suggest that there is a modest change in fit between the two models, with a
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ARMSEA of 0.00 and a ACFI of -0.009. While the ACFI meets the criteria for an improved fit of

the model, the CFI value is just on the cusp of the threshold for an “adequate” fit.

Intercept and Slope Growth Factors Over Intersectional Race-Gender Groups

The intercepts and slopes across the intersectional race-gender groups did not change
drastically between the unadjusted scalar and adjusted partial scalar models. The intercepts for
the unadjusted scalar model followed a pattern expected from the partial scalar model, where
White women have the highest estimated mean value at age 65-66 (6.34 [0.03]), followed by
White men (5.95 [0.04]), Black women (5.30 [0.05]), and Black men (4.83 [0.07]). Thus, I do
not find evidence for Hypothesis 1 for the unadjusted scalar model. These unexpected findings
may be due to how the estimates change when modeled longitudinally. The slopes—or the
predicted change in cognition every two years of age—in the unadjusted scalar model is similar
between Black and White men (-0.14), while White women have a slope of -0.15, and Black
women a slope of -0.17. Substantively, the slopes are not different from one another, but do fall
in line with the expected shape of the trajectories, where cognition is declining from ages 65-66
to 79-80. These findings do not align with the Hypothesis 2, perhaps due to the unadjusted scalar
intercepts conforming to what I expected in the adjusted partial scalar model

In the adjusted partial scalar model, the intercepts and slopes change very little from the
unadjusted scalar model. For Black men, their intercept increased to 4.90, conferring a 1%
increase, which is not statistically significant from the scalar model given that the 95%
confidence intervals overlap. Black women saw the largest change, with an intercept of 5.50 in
the partial scalar, leading to a statistically significant increase of 4%. White men saw a drop in

their intercept value to 5.79, pointing to a 3% decline in their intercepts, which was statistically
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different from the scalar model. Lastly, White women saw no appreciable difference in their
intercepts from the scalar to the partial scalar model. Here, the evidence for the adjusted partial
scalar model in Hypothesis 1 holds for Black women only, where the adjusted partial scalar
model led to an increase in the intercept and a removal of 3% of the bias due to measurement
invariance. The slopes in the adjusted partial scalar similarly saw little difference from the
unadjusted scalar model. Black men and White women’s slopes in the partial scalar model
remained unchanged at -0.14 and -0.15, respectively. Black women saw a slight decrease in their
slope, from -0.17 to -0.16, suggesting that by allowing the Ser7, Names, and Dates intercepts to
vary across race-gender group, the slope factor shifted slightly up towards zero. White men also
had a small decrease in their slope, from -0.14 to -0.13. Though the Black women’s and White
men’s changes in slopes indicates a 6% increase, these differences were not statistically
significant, evidenced by the overlapping 95% confidence intervals for the scalar and partial
scalar estimates for each group. Thus, there is little evidence to support Hypothesis 2 in regard to
the adjusted partial scalar model.

A visualization of the trajectories is presented in Figure 1, where the solid lines refer to
the partial scalar model and the dashed lines refer to the scalar model. The adjusted partial scalar
model allows the intercepts of the Ser7, Names, and Dates items to be freely estimated across
each group, creating race-gender-specific intercepts for those three variables. The largest
differences between the scalar and partial scalar models appears to be between Black women and
White men. Comparing the scalar and partial scalar trajectories, Black women’s slope jumps up
and while White men’s deteriorates, leading to a clear narrowing of the gap between Black
women and White men. For Black women, this increase in the intercept and slight decline in the

slope leads to a consistently and statistically higher estimated mean cognition value compared to
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Black men, whereas in the scalar model, the mean estimates for Black women at ages 77-78 and
79-80 overlap with Black men’s estimates. Taken together, these findings suggest that, while
White women did not see the hypothesized change in their trajectories, the removal of a small
percent of bias in the measurement of cognition led to an attenuated race-gender gap between
Black women and White men, where Black women’s trajectories shifted upward and White
men’s shifted down.

The last set of results concerns the covariance between the intercept and slopes. In the
unadjusted scalar model, the covariance estimates align with Hypothesis 3: the covariance
between the intercepts and slopes for White women and White men are negative and statistically
significant. The same statistics are not statistically significant for Black women and Black men.
This reflects the variation in intercept and slope, where there is a predictable relationship
between the two parameters for White women and White men. Black women and Black men do
not have the same predictable relationship, meaning that the slope may be steep or shallow
regardless of starting cognition. In the adjusted partial scalar model, the covariance between the
slope and intercepts remained unchanged, which did not support the expectations for the partial
scalar model in Hypothesis 3. Again, White women and White men had statistically significant
negative covariances between the slopes and intercepts, while Black women and Black men had
insignificant covariance values. This is most likely due to the minor differences in the intercept
and slopes between the scalar and partial scalar models. Thus, despite removing a small amount
of bias due to measurement invariance did not change the amount uncertainty and variation that
Black women and men experience in regards to their cognition. By allowing each intersectional

group to have their own group-specific intercepts for Ser7s, Dates, and Names in their cognition
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trajectories over age, the gap between Black women and White men narrows significantly, but

does not change the amount of dispersion in trajectories across intersectional race-gender groups.

DISCUSSION

Previous research has established that cognition in aging Americans is discrepant across
race and gender, such that Black people’s cognition fairs worse than that of White people’s, and
women bear the brunt of Alzheimer’s disease in old age compared to men. In trajectories over
age, researchers have attempted to explain the gaps between race and gender groups by
controlling for relevant social factors, like education, SES, stress, and geography, but often still
find race- and gender-based gaps. However, previous studies on race- and gender-based
disparities in cognition trajectories over age have neglected the potential for bias in the cognition
assessment themselves. The potential response to this oversight lies in utilizing second-order
latent growth curve models (SGM) within a structural equation modeling (SEM) framework,
where analysts can assess if and to what extent cognition trajectories are measured equivalently
across social dimensions. In addition, these analyses highlight the utility of an often-overlooked
growth model statistics: the covariance between the individual variation in the intercept and
individual variation in the slope. These estimates inform whether adjusting for measurement non-
invariance across groups is associated with less variation, and thus less individual uncertainty
and greater population-level heterogeneity, in cognition trajectories. The analyses in this study
utilize an intersectional lens to understand how previous evaluations of cognition may have been
misspecified. These analyses are not an indictment of the cognition assessment in the HRS.
Instead, study results add to the HRS’s important work that aims to increase the precision of the

cognition assessment across diverse populations globally and across time.
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The analyses show that the cognition trajectories in the unadjusted scalar model are
similar to the cross-sectional partial scalar model estimated in Chapter 2, where White women
have the highest intercept, followed by White men, Black women, and Black men. The estimates
do not change drastically in the adjusted partial scalar growth model, where each intersectional
group has their own group-specific intercepts for Ser7s, Names, and Dates. However, there is a
significant reduction in the disparities between Black women’s and White men’s cognition
trajectories. While the slopes do not change for White men and Black women between the
unadjusted scalar and adjusted partial scalar model, the intercepts do: Black women see a
statistically significant rise in their cognition intercept, while White men have a statistically
significant decrease in their cognition intercept. The result is a clear narrowing of the gap
between Black women’s and White men’s cognition trajectories as these populations age. The
implication of these analyses is that utilizing a model that allows Black women and White men
to have their own group-specific intercepts in the measurement portion of the SGM narrows the
disparity in cognition between Black women and White men.

The findings of the covariance between the intercept and slopes of the models show that,
regardless of adjusting for measurement non-invariance, Black women and Black men have
greater variation and dispersion in their cognition trajectories, while White women and White
men have statistically predictable, converging cognition trajectories. These results suggest that
not only are there inequalities across intersectional race-gender groups in terms of average
cognition over age, but Black women and men face the additional facet of inequity in the amount
of uncertainty in their cognition trajectories. Conversely, White women and men have the
privilege of having greater certainty and population homogeneity in cognition. These findings

deepen our understanding of the breadth of inequality that exists in cognition.
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While adjusting for measurement non-invariance narrowed the gap between Black
women and White men, a large and significant gap still exists across all intersectional race-
gender groups. Additionally, there is greater uncertainty in the cognition trajectories of Black
women and Black men. However, the disparities in cognition trajectories and variation in
cognition trajectories may be due to differences in the level of education, exposure to stress, and
geographic residence. Though, as previously noted, extant literature has been unable to fully
account for race- and gender-based disparities in cognition trajectories, the addition of adjusting
for measurement non-invariance in models that control for social context may eliminate
discrepancies in cognition trajectories. Additionally, the inclusion of contextual variables may be
able to explain some of the variation in trajectories. I investigate the potential mediating
influence of these forces in Chapter 4.

As with any study, these analyses come with limitations. For one, the second-order latent
growth model was challenging to run, in that the covariance matrix across groups had to strike a
precarious balance between the latent factors being highly correlated, but not too correlated. This
made it challenging to model a fully configural model, where all parameters (factor loadings and
intercepts) are freely estimated across the four groups and eight time points. While there is little
evidence in the literature that factor loadings and intercepts vary over age (Avila et al. 2020;
Barnes et al. 2015; Blankson and McArdle 2015), there may be an answer to modeling a
configural model of this size and complexity by utilizing an alignment-within-CFA (AwC)
growth curve model (Asparouhov and Muthén 2014, 2023; Muthén and Asparouhov 2018). This
technique utilizes alignment optimization within a CFA framework (Marsh et al. 2018) that
allows researchers to perform an unbiased growth curve model that adjusts for measurement

non-invariance across many time points and across many groups (Lai 2021). These limitations
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open the door for future endeavors to model the complexity inherent in cognition over age, race,
and gender. Despite the limitations, this study finds evidence for measurement non-invariance in
cognition trajectories over intersectional race-gender groups. Without viewing these trajectories
by intersectional race-gender groups over age, these biases in cognition would go unnoticed.
Additionally, by utilizing the covariance between the slope and intercept, I find evidence for
another characteristic of inequality: variation in cognition trajectories. Study findings suggest
that future analyses of differences in cognition across socially defined groups must take into
account the potential for measurement bias in cognitive measurement tools when modeling

changes over age across race-gender groups.
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TABLES AND FIGURES

Table 3. Goodness-of-fit indices for the scalar and partial scalar

models
Scalar Partial scalar
Chi-square 9476.17 9025.24
df 4258 4250
RMSEA 0.017 0.017
ARMSEA — 0.000
CFI 0.892 0.901

ACFI — -0.009



Table 4. Scalar and partial scalar model growth factor estimates (95% confidence interval) of the intercept and slope by
intersectional race-gender group

Scalar Partial scalar % change:
Cov (Int Cov(int, Tnt.(3) P Cov(3)
Int. Slope v G, Int. Slope v U, . 4) - v
(1) 2) Slope) ) 5) Slope) — Int. Slope ~ ~ Cov
A3) (6) (1) 5 “4)
2)
BM 4.83%%* -0.14%** 0.02 4.90%** -0.14%** 0.02 1% 0% 0%
95%CI  (4.97,4.58) (-0.16,-0.11) (-0.01,0.05) (5.03,4.75) (-0.16,-0.11) (-0.01, 0.05)
BW 5.30%** -0.17%%* -0.03 5.50%** -0.16%** -0.03 4% 6% 0%
95%CI  (5.39,5.20) (-0.19,-0.15) (-0.08,0.02) (5.59,5.41) (-0.18,-0.14) (-0.08, 0.02)
WM 5.95%** -0.14%** -0.03%** 5.79%** -0.]3%* -0.03%** -3% 6% %
95%CI  (6.02,5.87) (-0.13,-0.15) (-0.05,-0.01) (5.86,5.71) (-0.14,-0.12) (-0.04,-0.01)
wWwW 6.34%%* 0.1 5% -0.03%** 6.38*%* 0.1 5% -0.03%** 1% 1% 0%
95%CI  (6.40,6.27) (-0.16,-0.14) (-0.04,0.02) (6.43,6.31) (-0.16,-0.14) (-0.04, 0.02)

Note: BM = Black men; BW = Black women; WM = White men; WW = White women.

The partial scalar model allows the intercepts of Ser7s, Dates, and Names to vary by race-gender group.
Ser7 = Serial 7s; Dates = Dates (day, month, year, day of the week); Names = Naming objects/public figures.

LL
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Figure 1. Cognition latent trajectories of scalar and
partial scalar models by race-gender group

65-66  67-68  69-70  71-72  73-74  75-76  77-78  79-80
Age
= White men, partial scalar
=== White men, scalar

- White women, partial scalar
=== White women, scalar
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CHAPTER 4. LONGITUDINAL MEASUREMENT INVARIANCE AT THE INTERSECTION
OF RACE AND GENDER: ADJUSTING FOR CONTEXTUAL FACTORS NEARLY
ELIMINATES DISPARITIES FOR BLACK WOMEN, BLACK MEN, AND WHITE MEN

ABSTRACT

In the United States, cognitive decline is subject to stratification along social dimensions.
A central goal of health disparities research is to identify the sociological source of these
disparities. However, the explanatory power of socially-relevant measures falls short: despite
controlling for stressors, education, and geography, disparities by race and gender persists. A
question remains: what accounts for these disparities? Most research on race and gender
disparities in cognition is executed under the assumption—without demonstration—of
measurement invariance. Potentially, some proportion of the differences in cognition do not
reflect actual differences in cognitive abilities but are an artifact of measurement non-invariance
because survey items and tests do not capture the same underlying construct across sub-groups.
The following analyses add to the extant research by adjusting cognition age-trajectories for
measurement bias while simultaneously controlling for relevant covariates. Using data from
Health and Retirement Study (HRS), I calculate an unbiased second-order latent growth model
and control for three measures that proxy the individual (biomarkers of stress), institutional
(education), and structural (region) factors that influence cognition. Education had the largest
influence on the level, but not change, in cognition across all four intersectional race-gender
groups. When I control for all three variables, the disparities in cognition trajectories between
Black women, Black men, and White men are substantively eliminated, while White women’s
cognition remains at a comparatively high level. These analyses illustrate the potential
explanatory power of measurement invariance analyses for explaining the remaining gaps in

cognition trajectories.
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INTRODUCTION

In the United States, cognition and Alzheimer’s and related dementias (ADRDs) are
subject to stratification along social dimensions. Cognition and ADRD disparities are especially
apparent along race and gender lines. Census estimates (Rajan et al. 2021; U.S. Census Bureau
2021), incidence rates (Steenland et al. 2016; Weuve et al. 2018), and estimated lifetime risk
(Power et al. 2021) of ADRDs all point to a race-cognition gradient that advantages the White
over the Black population. Women, on the other hand, make up nearly two-thirds of ADRD cases
in the United States (Rajan et al. 2021), though this may be attributed to women’s longevity, and
thus greater lifetime risk, and not due to sex per se (Fitzpatrick et al. 2004; Hale, Schneider,
Gampe, et al. 2020; Hebert et al. 2001; Levine et al. 2021). These enumerations reflect a pressing
public health concern. Social scientists frequently utilize large, nationally-representative,
longitudinal surveys that collect data on cognition to explain these race- and gender-based
disparities by controlling for social and contextual factors that systematically differ by race and
gender. However, the explanatory power of socially-relevant measures falls short: despite
controlling for stressors (Chen et al. 2022; Cintron et al. 2023), education (Farina et al. 2020;
Hale, Schneider, Gampe, et al. 2020; Hayward et al. 2021), and geography (Byrne and Anaraky
2022; Pohl et al. 2021), disparities by race and gender persists. A question remains: what
accounts for these disparities?

Most research on race and gender differences in cognition is executed under the
assumption of measurement invariance. Measurement invariance is a foundational assertion that
the latent variable of interest—here, cognition—is captured by the same set of tests and

questionnaire items over social dimensions and time (Horn and McArdle 1992). However, it may
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be that some proportion of the differences in cognition do not reflect actual differences in
cognitive abilities but are an artifact of measurement non-invariance because survey items and
tests do not capture the same underlying construct across sub-groups (Horn and McArdle 1992).
Take, for example, any popular standardized test, like the SATs or IQ tests: these tests are
attempting to assess some universal measure of cognitive ability or aptitude, but previous
analyses find that race and social class are the best predictors of success on these tests (Wicherts
2016; Wicherts and Dolan 2010; Zwick 2019). The same applies to cognition assessments: it
would be problematic to suggest, after looking at the disparities by race and gender, that these
differences are due to some inherent population-subgroup deficiency. Instead, the assessment
questions may not capture a universal measure of cognition, but reflect gendered and racialized
societal norms and expectations. For example, cognition assessment items on a survey may task
respondents with memorizing a set of words. Due to lifetime gendered socialization and
expectations around memorizing important dates, relationships, and names, women may perform
better on this task than men. This item would be considered biased towards women if women
systematically performed better on this task than men, despite both groups having similar levels
of cognition. Thus, some proportion of the group differences in average cognition may be due to
mismeasurement in the latent variable itself.

Extant research has not adjusted cognition trajectories for measurement non-invariance
while simultaneously controlling for relevant covariates. The remaining disparities in cognition
trajectories are possibly due to measurement non-invariance across race and gender group.
Additionally, the disparities due to measurement non-invariance may be compounded at the
intersection of race and gender. As separate statuses, cognition trajectory estimates by race and

gender may conceal disparities in cognition trajectories that can only be revealed when
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considering their intersection. In addition to accounting for measurement invariance, the analyses
pursued in this chapter include three covariates of interest: individual-level biomarkers,
education, and residence in the southern United States. The contribution of the following
analyses is to use the unbiased cognition trajectories (which are adjusted to remove measurement
non-invariance) across age and intersectional race-gender groups, and to control for these three
measures that proxy the individual (biomarkers), institutional (education), and structural (region)
factors that influence cognition. By controlling for the measurement bias in the cognition
assessment in the Health and Retirement Study (HRS) and these three factors central to research
investigating cognition, I explain the majority of the race-gender inequality in cognition

trajectories that has remained largely unresolved.

BACKGROUND

In sociology and demography, disparities in cognition and ADRDs are understood to
originate from social structures that create the contexts in which race and gender, and their
intersections, are consequential for cognitive health. Facets of social identity, like race and
gender, shape cognition trajectories through the prism of historical and current forms of
marginalization and structural discrimination. A useful framework for understanding race-gender
disparities in cognition is through the social of determinants of health (SDOH), which asserts
that health disparities are the result of larger, structural factors that unequally distribute access to
resources that prevent, delay, and lessen the severity of illness (Braveman et al. 2010, 2011;
Braveman and Gottlieb 2014). The conditions and environments in which people live, learn,
work, and age across the lifespan determine resources like employment opportunities, access to

education, housing, and health care, all of which are germane to health and cognition outcomes
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(Braveman and Gottlieb 2014). Social, economic, political, and historical power structures
determine the distribution of these resources, which systematically disenfranchises historically
marginalized groups while maintaining the hegemony of the elite (Adkins-Jackson et al. 2023).
These conditions are often referred to as “upstream” factors because they are considered the so-
called “causes of the causes” (Braveman et al. 2011). These differential exposures may explain
some of the disparities in cognition trajectories.

The social determinants of health framework contextualizes how cognition disparities
arise from the power structures that unequally distribute exposures and access to health
promoting factors. The observed differences in cognition trajectories in old age suggest the
existence of modifiable risk factors that can delay the onset and severity of cognitive decline and
ADRDs. Viewed through the SDOH framework, modifiable risk factors exist at every social
level, including at the individual, biological level; institutional level; and the structural (including
geographic) level. Each level is associated with a unique association with cognition and offer
potential mechanisms for explaining the differences in cognition trajectories over race-gender
group. Based on prior studies, I have chosen allostatic load, education, and years lived in the
South as the covariates of interest that are most relevant to cognitive aging especially when

considered across race-gender intersectional groups.

Association Between Chronic Stress, Allostatic Load, and Cognition

People encounter and experience stressors every day. The perception of a stressful event
activates a chemical barrage that focuses the body’s resources and energy to navigate a short-
term threat, or a “fight or flight” response (McEwen and Seeman 1999; McEwen and Stellar

1993). While quotidian short-term dips and peaks in stress is normal—treferred to in the
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psychology literature as allostasis, or when the body’s physiological systems are operating within
normal bounds (McEwen and Stellar 1993)—chronic and elevated stress responses are
biologically costly, increasing the risk of chronic, long-term illness (Diwadkar 2016;
Karlamangla et al. 2002; Seplaki et al. 2006). In particular, continued stress responses leads to
dysregulation of the metabolic, cardiovascular, and immune systems, leading to greater risk of
diabetes and heart disease (McEwen and Seeman 1999; McEwen and Stellar 1993). The resulting
excess biological markers (i.e., biomarkers) of stress is called allostatic load, which measures the
accumulation of physiological dysregulation and the associated so-called “wear and tear” on the
body’s biological systems, including cognition (McEwen and Seeman 1999; McEwen and Stellar
1993). The effects of allostatic load on cognition are of particular interest because the brain is
directly linked to perceptions of and responses to stress and subsequent stress dysregulation
(Bruce S McEwen 2016; McEwen and Gianaros 2010). Studies have found a clear association
between higher allostatic load (AL) values and worse global cognition and executive function
(see D’ Amico, Amestoy, and Fiocco 2020 for review and meta-analysis). Ansell et al. (2012)
found that cumulative stress leads to diminished gray matter volume in the brain, which is
thought to play a significant role in memory and cognition. Importantly, research finds a clear
overlap between parts of the brain that are affected by stress and those that undergo the greatest
atrophy in aging (see Ganzel, Morris, and Wethington 2010 for review). Persistent, elevated
stress is thus detrimental to cognition especially when conceptualized as a socially structured
exposure that can shape disparities in cognition over race and gender.

An important factor to take into account is the unequal distribution of stressors
throughout society that disproportionately affect marginalized groups. According to the social

determinants of health framework, social structures determine exposure to persistent, chronic
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stressors by race and gender, and their intersections, leading to elevated AL and worse cognition
in old age for select groups. The United States is stratified by race through past de jure and
present de facto racism and discrimination. Compared to White people, Black people are
overrepresented in measures of poverty, including income, neighborhood disinvestment, and
receipt of public assistance (Bailey et al. 2017; Williams and Collins 2001; Williams and
Sternthal 2010). The same structural forces that disenfranchise the Black population
disproportionately expose those in poverty to the chronic stressors that unstable housing,
precarious employment, and food insecurity brings (Beech et al. 2021; Sternthal, Slopen, and
Williams 2011; Williams, Priest, and Anderson 2016). Besides overrepresentation in poverty
measures, people of color experience racism at the interpersonal, institutional, and structural
level in the United States (Robert Wood Johnson Foundation 2017). Speaking specifically about
Black people in the United States, research has found that the experience of racism is detrimental
to physical and mental health (Anderson 2013; Williams 1999; Williams and Mohammed 2013)
as well as cognition (Letang et al. 2021; Zuelsdorff et al. 2020). The combination of economic
disenfranchisement and experiences of racism puts Black people at higher risk for elevated AL,
leading to worse cognition.

In addition to the consideration of race, researchers must examine the influence of stress
and AL on cognition at the intersection of race and gender. Black women in the U.S. experience
gendered racism, a specific form of discrimination that is a unique, chronic stressor (Harnois and
Ifatunji 2011; Jackson, Hogue, and Phillips 2005; Thomas, Witherspoon, and Speight 2008).
Living in a sexist and racist society as a Black woman means bearing the burden of expectations
and discrimination that those two statuses bring (Perez et al. 2023). “Double Jeopardy” (Beal

2008) and “Multiple Jeopardy” (King 1988) are early conceptualizations of the multiple forms of
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oppression that Black women, who embody historically and currently marginalized statuses, face
in American society. Evidence finds that Black women experience discrimination through
microaggressions (e.g., slights, invalidation, insults), harassment, prejudice, and stereotyping that
is unique to being both Black and a woman (Nuru-Jeter et al. 2009; Sue et al. 2007). This is
slightly different from intersectionality, which also acknowledges the multiple intersecting
privileged statuses that advantage hegemonic statuses.

In order to navigate and exist in a society that continuously perpetrates this
discrimination, Black women must utilize coping mechanisms to remain resilient in the face of
these forms of violence in the form of the “Superwoman Schema” (Knighton et al. 2022; Perez et
al. 2023; Woods-Giscombé 2010). The Superwoman Schema was developed to better understand
the sociohistorical context of gendered racism in the United States, where Black women report
the need to present an image of stoicism, strength, resilience, independence, and obligation to
others (Woods-Giscombé¢ 2010). While in some ways an adaptive coping mechanism—the
Superwoman Schema helps Black woman maneuver gendered racism at the interpersonal,
institutional, and structural levels—research to date has found that Black women who identify
with the Superwoman Schema have worse health outcomes related to stress and AL, leading to
subsequently worse cognitive outcomes (Allen et al. 2019; Coogan et al. 2020; Rodriguez et al.
2019). The additional unique stressors that Black women face is important to take into account

when investigating stress, AL, and cognition.

Cognition and Education: The Role of Cognitive Reserve
The link between education and cognition in old age has been thoroughly examined in the

social sciences, and continues to be a central factor in cognitive health in aging populations. The
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literature has established that the association between education and cognition in aging adults is
positive: people with higher levels of education have, on average, higher cognition, while those
with lower levels of education have comparatively lower cognition (see Lenehan et al. 2015;
Maccora, Peters, and Anstey 2020; Tucker-Drob 2019 for reviews and meta-analysis). When
observing changes longitudinally, researchers find that education only influences the level of
cognition (or intercept) but not the change in (or slope of) cognition (see meta-analysis from
Opdebeeck, Martyr, and Clare 2016; Seblova, Berggren, and Lovdén 2020). Researchers theorize
the mechanism connecting education and cognition is through cognitive reserve, or the
adaptability—capacity, efficiency, and flexibility—of the brain to stave off ADRDs and cognitive
decline in old age by creating and maintaining denser neurological pathways in the brain (Stern
2002, 2012; Stern et al. 2020). Education is often used as a proxy for cognitive reserve because it
is thought to either improve or reflect the experiences that contribute to cognitive reserve (Stern
et al. 2020). Cognitive reserve is thus inextricably linked to education and has the potential to
elucidate racial and gender differences in cognition and ADRDs.

Cognitive reserve provides a mechanism for how education translates into cognition:
education provides the means for building cognitive reserve, while differential educational
environments shapes who has access to cognitive reserve-building experiences (Berkman and
Glymour 2006; Glymour and Manly 2008; Mungas et al. 2018; Stern et al. 2020). In the United
States, past de jure and current de facto discrimination and segregation highly structured (and
structure) educational attainment for people of color and women (Berkman and Glymour 2006;
Glymour and Manly 2008). Especially for those who were school-aged before the Civil Rights
Act of 1964, race and gender—and their intersection—dictate the level and quality of schooling

one receives. In fact, evidence finds that Jim Crow era school segregation (Peterson et al. 2021)
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and education quality (Liu et al. 2022; Sisco et al. 2015) explains a large portion of the race and
gender differences in cognition, while others find that increased high school graduation rates
from 1900 to 1950 lowered rates of dementia for both the Black and White population (Hayward
et al. 2021). These findings suggest that access to education and education quality influence later

life cognition through cognitive reserve and its differential distribution by race and gender.

Cognition and Geography in Old Age: A Consideration of the Southern United States
Geography proves to be an important factor in predicting health in the United States.
There are clear associations between state of residence and health outcomes, particularly for
those in the South (Montez and Farina 2021). Mortality, disability, and cardiovascular disease are
significantly higher in the southern states compared to northern, western, and midwestern states
(Fletcher et al. 2023; Kemp, Grumbach, and Montez 2022; Montez, Hayward, and Wolf 2017;
Montez, Hayward, and Zajacova 2019). In fact, the contiguous states in the southeast United
States have been dubbed the “Stroke Belt” because of the exceedingly elevated rates of and
mortality due to cardiovascular disease (Howard and Howard 2020). Researchers find a similar
geographic association with cognitive impairment in the South, such that residents in the South
have a higher risk of dementia, cognitive impairment, and ADRDs compared to people who live
outside the South (Ailshire, Walsemann, and Fisk 2022; Topping, Kim, and Fletcher 2021;
Zacher, Brady, and Short 2023). Researchers have dubbed these contiguous states in the
southeast U.S. as the “Dementia Belt” (Gilsanz et al. 2017; Zacher et al. 2023). Scholars have
suggested that why southern states have high mortality and morbidity due to ADRDs is in part
due to state-level policies. In the United States, routine legislation that most effects health and

cognition are determined at the state level, including education reforms, Medicaid and Medicare
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expansion, distribution of public assistance, civil investment, and economic policies like
determining the minimum wage (Kemp et al. 2022; Montez et al. 2019). In addition to the power
that states have to affect their residents’ health and cognition, policies vary widely from state to
state, and this variation translates into vast disparities in life expectancy and disability, including
rates of ADRDs (Montez and Farina 2021; Montez et al. 2019; Montez, Hayward, and Zajacova
2021). Geography thus has a substantial influence on cognitive health through exposures to
either generous or austere social, economic, and health policy.

In considering intersectional race-gender groups from the SDOH framework, exposures
to state-level policies are influenced by historical and structural policies that differentially effect
marginalized groups. More than half of the U.S. Black population lives in the South (Tamir
2021), resulting from historical enslavement and exploitation, de jure and de facto
disenfranchisement, and migration patterns (Tolnay 2003). While differences in dementia
incidence and cognitive impairment may at first appear to simply be a matter of population
composition, the racial patterning of disadvantage is in fact more severe within the South.
Researchers have found greater disparities in cognition and diagnosis of ADRDs between
southern-residing Blacks and Whites compared to their non-southern counterparts (Liu et al.
2015; Zacher et al. 2023). The implication of these findings is that the combination of being
Black and living in the South is particularly detrimental to cognitive health, where as White
populations see no geographic difference in the incidence of dementia (Zacher et al. 2023).
Ultimately, social-structural forces are at play in the influence that geography has on the racial

patterning of cognitive decline.
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HYPOTHESES: UTILIZING INTERSECTIONAL THEORY AND THE SOCIAL
DETERMINANTS OF HEALTH TO PREDICT COGNITION TRAJECTORIES

The influence that allostatic load, education, and southern residence have on the unbiased
age trajectories viewed through an intersectional lens offers a framework to understand how
previous evaluations of cognition trajectories may be misspecified. Popularized by Kimberlé
Crenshaw, intersectionality theory argues that multiple social statuses must be considered as
existing simultaneously to acknowledge the unique intersecting, multiplicative systems of
oppression operating on specific groups (Crenshaw 1989, 2017). While acknowledging
Crenshaw’s original impetus was to highlight systems of oppression and particularly the erasure
of Black women’s experiences, intersectionality theory widened the scope of how social
scientists view power and inequality, especially in the quantitative social sciences (Bauer 2014;
Carbado and Roithmayr 2014; Cho et al. 2013). Exposure to systems of oppression
simultaneously prevent marginalized groups from developing greater cognitive reserve, while
also bolstering access and opportunities for advantaged groups (Adkins-Jackson et al. 2023;
Glymour and Manly 2008). This may be in the form of educational opportunities in early life
(see Lenehan et al. 2015; Maccora, Peters, and Anstey 2020; Seblova, Berggren, and Lovdén
2020 for reviews) or cognitively stimulating work and hobbies in adulthood (see Fisher et al.
2017 for review). The components of interest in the following analyses are the latent intercept
factor, latent slope factor, and the association between the intercept and slope factor with
allostatic load, education, and southern residence. The comparison will be with the baseline
model, or the latent growth model of cognition that has been adjusted for measurement non-
invariance. The full model will control for allostatic load, education, and years lived in the South.

The crux of these analyses is to evaluate the intercept, slope, and their changes for the baseline
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and full model, and to compare the estimates from the two models to gain insight into how these

covariates inform the trajectories for Black women, Black men, White women, and White men.

Allostatic Load
Hypothesis 1a: Intercepts

I hypothesize that when allostatic load (AL) is controlled for in the full model, the
intercepts for Black women and Black men will increase compared to the baseline model, since
controlling for AL removes the dampening effects AL has on cognition levels. In particular, I
anticipate that, evidenced from work regarding the Superwoman Schema, that the intercept for
Black women will increase more compared to Black men because of the multiple, intersecting
forms of oppression Black women experience. I hypothesize this is a result of exposure to
discrimination and marginalization, and subsequent cardiometabolic dysregulation, leading to
greater prevalence of pathological levels of allostatic load. In contrast, I anticipate White
women’s and men’s intercepts will remain unchanged between the baseline and full models. The
alternative hypothesis is that there are no differences between each of the groups with regard to

their allostatic load.

Hypothesis 1b: Slopes
Evidence for the relationship between AL and changes over time is not clear—there are few
studies that investigate the influence of AL on cognition longitudinally. I suspect that the slope

will remain unchanged for all groups, only influencing the initial level of cognition.

Education
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Hypothesis 2a: Intercepts

I hypothesize the association between education and cognition will be positive across all groups
and explain a large portion of the level of cognition across groups. This suggests the intercepts
across all four groups will decrease in the full model compared to the baseline model. I expect
that Black men and Black women will have smaller changes in their intercepts compared to their
White counterparts due to structural forces that affected the quality and access of education

earlier in their life course. The alternative is that the change between each of the groups is equal.

Hypothesis 2b: Slopes

Following extant literature, I anticipate there will be no difference in the slopes between the
baseline model and the model controlling for education. Numerous studies have found that
change in cognition is not a function of education (Opdebeeck et al. 2016; Seblova et al. 2020a).
Alternatively, I hypothesize that the slopes may decrease for Black women utilizing evidence
from the Double Jeopardy theory, where the double and unique challenge of living as Black
women in a White patriarchy equates to worse, declining cognition when the buffer of education

1s removed.

Southern Residence

Hypothesis 3a: Intercepts

I hypothesize southern residence in old age will have the greatest impact on level of cognition for
Black men and Black women due to the detrimental influence that living in the South has on the
Black versus White population. This will translate to a negative relationship between the

intercept and the number of years lived in the South, with elevated intercepts in the full model
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compared to the baseline model. By comparison, I anticipate the intercepts for White women and
White men will remain the same from the baseline to the full model, and will have statistically
insignificant relationships between the intercept and southern residence. Alternatively, there may

be no differences between living in the South across groups.

Hypothesis 3b: Slopes

Southern residence has the potential to augment the rate and severity of decline over age. Again,
given the distinct health disparities between White and Black people in the South, I hypothesize
that Black men and Black women will have larger negative slopes in the model controlling for
southern residence compared to the baseline model due to sustained exposure. I anticipate the
slopes of White men and White women will remain unchanged. Alternatively, Black women and
men may have increased slopes as a result of removing the influence that the detrimental

influence of Southern residence has specifically on the cognition of Black women and men.

METHODS

Data

The Health and Retirement Study (HRS) is a nationally representative longitudinal study
of Americans over age 50. The HRS is an ideal data set for these analyses given its focus on
aging populations and rich, detailed data collection. Respondents are surveyed once every two
years and a new cohort is introduced every six years. The study draws its respondents using a
probability sample of households in which at least one member is over 50 years old and non-
institutionalized. The survey began in 1992, and recently released its 15" wave of data for 2020.

The HRS is sponsored by the National Institute on Aging (grant number NIA U01AG009740)
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and is conducted by the University of Michigan. The present study uses data from 1996 (Wave
3—from which point cognition questions are asked consistently) to 2018 (Wave 14), the most
recent wave for which sampling weights have been calculated (Health and Retirement Study
2022; RAND Corporation 2022). The sampling weights, stratum, and clustering variables
account for the HRS’s sampling structure, which oversamples Black populations,
Hispanics/Latines, and Florida residents (Health and Retirement Study 2022; RAND Corporation
2022). These weights are used in the following the analyses. These data are publicly available
online, in a harmonized, cleaned, and coded user-friendly dataset produced by RAND

corporation (RAND Corporation 2022).

Dependent Variable

Cognition in the HRS is assessed using the HRS-Telephone Interview for Cognitive
Status (HRS-TICS). The twelve tests in the HRS-TICS measures two umbrella concepts:
episodic memory and mental status. The TICS uses assessments to measure episodic memory: an
immediate word recall (IMRC) and delayed word recall (DLRC) test. Respondents are given a
list of ten words from four possible lists and are asked to immediately recall as many words from
the list to the best of their ability (IMRC) and to complete the same task five minutes later
(DLRC) (McArdle et al. 2007). Scores range from 0 and 10 for both tests.

The remaining cognitive tests measure mental status, and include: serial 7s test (count
backward from 100 by 7 for 5 trials; scored 0-5); counting backwards from 20 for ten continuous
digits in two trials if needed (scored 0-2); identifying a cactus and a pair of scissors after
listening to a description (scored 0 or 1 for each; scored 0-2); correctly naming the current

president and vice president (scored 0 or 1 for each; scored 0-2); and stating the day’s date (day,



95

month, year, day of the week; scored 0-4). Frequently, scholars sum together the memory and
mental status scores to create a composite cognition score with possible values from 0 to 35
(McAurdle et al. 2007; McCammon et al. 2022; Ofstedal et al. 2005).

For the purposes of this study, I recode the cactus, scissors, president, and vice president
dummy variables into a single four-point ordinal categorical variable (referred to as “Names”).
The pursue the same strategy for the date dummy variables, referred to as “Dates”. The recoding
is necessary because these two sets of dummy variables are highly correlated and fit the data
better as two ordered categorical variables as opposed to eight dummy variables. Lastly, the
counting backwards from 20 variable is recoded to a dummy variable, where respondents who
successfully completed the test in one or two trials are assigned “1” (named “CNTB”). I recoded
this because very few people were unable to count backwards from 20 on their first try, and thus
would not contribute to the measurement model of cognition. More substantively, I wanted to
differentiate between who was able versus unable to complete the task, and not necessarily to
what degree respondents were able to complete the task. Notably, the Names and Dates variables
are recoded as described in other foundational works on measurement properties of the HRS’s

cognitive function factor (McArdle et al. 2007; Ofstedal et al. 2005).

Predictor Variables

The intersectional identities of particular interest in this chapter are respondents’ race,
ethnicity, and sex (referred to as gender hereafter). Race is measured as Black, White, or other in
the HRS. I exclude in this study respondents who identified as other, leaving only those who
self-identified as Black or White. I made this choice because the Black and White categories

make up the majority of racial identities in the HRS and, more importantly, the heterogenous
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“other” category does not have racial distinctions in the Public Use data; if [ were to include it in
my analysis, [ would not know which racial(ized) category respondents belong to.

Ethnicity is measured as self-identifying as Hispanic or non-Hispanic. I excluded those
who identified as Hispanic because of the heterogeneity in Hispanic origin, which is only crudely
categorized as “Mexican” and “other” in the Public Use data. I made this decision on the basis
that people who identify as non-Hispanic White and non-Hispanic Black are less likely to speak
English as a second language. If I were to introduce Hispanic/Latine respondents, it is likely that
the source of measurement non-invariance would be due to language barriers, as opposed to
focusing on bias due to the hegemony of White men. A crosstab of the race and ethnicity
variables resulted in the two race/ethnicity groups of interest in this study: non-Hispanic White
(referred to as White hereafter) and non-Hispanic Black (Black hereafter).

Gender was measured as a binary, either male or female. I acknowledge that
conceptualizing gender beyond a simple binary is a worthwhile investigation in terms of
measurement invariance and is well established in gender studies as a social status that brings
with it its own systems of oppression. However, besides the fact that the HRS only provides
“female” and “male” answer options, my theoretical motivation for this paper relies primarily on
the health impacts of (White) male hegemony. Future studies ought to include measurement bias
related to non-binary or transgender respondents. The focal intersecting social statuses in this
chapter are race/ethnicity (Black and White) and gender, which combine to create four sub-
groups: Black men, Black women, White women, and White men. These race-gender
intersectional groups represent the social statuses that either (in the case of White men) benefit
from or (in the case of the remaining three groups) are harmed by the primacy of White

patriarchy and its centrality in cognition assessments.
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Age is the fundamental axis on which cognition changes and, thus, is the central
independent variable with regard to changes in cognition. While this presents a missing data
issue—there are far fewer people missing across 12 waves of data compared to 50 age
categories—Mplus, by default, uses a full information maximum likelihood (FIML) to estimate
the models (Muthén and Muthén 2017). The benefit of FIML is that it produces unbiased
estimates and standard errors even with missing data (assuming data is missing at random
[MARY]) by estimating a likelihood function for each individual using all available data (Enders
and Bandalos 2001). The HRS conducts a full cognition assessment at respondents’ initial
survey, then again when the respondent is at least 65, and at every wave thereafter (Ofstedal et al.
2005). Between their initial wave to age 65, the respondents are given a partial battery, which
only includes immediate (IMRC) and delayed word recall (DLRC), counting back from 20
(CNTB), and counting back from 100 by 7s (Serial 7s) (Ofstedal et al. 2005). To further
minimize the aforementioned missing data issue, the sample is restricted to people aged 65 to 80
to avoid the empty cells for the full battery between age 50 to 65. Finally, because respondents
were surveyed once every two years, the data were collapsed into two-year age categories
starting with age 65-66 up to age 79-80. However, because the HRS did not necessarily interview
respondents within the wave year, respondents often were grouped twice in one category because
the interview date was less than two years apart from the previous interview. To ensure that
respondents had only one observation per two-year age interval, I recoded age to reflect the age
that respondents were in the wave year, not the interview year. This resulted in every respondent
being in one two-year age category to maximize the sample size and minimize missing data;
however, this led to ~25% of the sample to be in an age category one year higher than their

actual age. This is the most logical data format since the shift up in age is presumably random
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and given that the alternative would require separate age categories which would leave one-year
age gaps across a majority of respondents.

In addition to age, I control for contextual factors that influence cognitive decline over
age: allostatic load, years of education, and number of years lived in the US South. The HRS
began collecting dried blood spots, physical measures, and blood pressure on a random sample of
half the respondents in 2006 and the other half in 2008 (Crimmins et al. 2020). The two samples
had dried blood spots, physical measures, and blood pressure taken every other wave or every
four years (i.e., in 2006, 2010, and 2014 or in 2008, 2012, and 2016). The dried blood spots were
assayed for five biomarkers: total cholesterol, high density lipoprotein (HDL) cholesterol,
glycosylated hemoglobin (HbA1c), c-reactive protein (CRP), and cystatin C (Crimmins et al.
2020).

Total cholesterol and HDL cholesterol indicate the amount of total and “good”
cholesterol; implicitly, the difference between total cholesterol and HDL cholesterol is low
density lipoprotein (LDL) cholesterol, or so-called “bad” cholesterol because of its association
with heart disease and stroke (Center for Disease Control and Prevention 2023). HbA ¢ reflects
the average free-floating glucose in the blood over the previous three months; at higher levels,
serum glucose indicates glycemic dysregulation and an elevated risk of diabetes (World Health
Organization 2011). CRP is an acute-phase serum protein that the liver produces in response to
inflammation (e.g., sickness, injury), as well as stress (Steptoe, Hamer, and Chida 2007).
Cystatin C is a protein produced by virtually all cells and, at high levels, indicates poor kidney
function, which increase the risk of cardiovascular disease (Inker and Levey 2018). Lastly,

elevated pulse and blood pressure measurements indicate cardiovascular issues, while waist
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circumference measures abdominal adiposity, which is associated with cardiometabolic
syndromes (Crimmins et al. 2008).

Together, these nine biomarkers reflect the accumulation of physiological dysregulation
and the associated so-called “wear and tear” on the body’s biological systems (B. S. McEwen
2016; Schmitz et al. 2018). According to a systematic and meta-analytic review by D’Amico and
colleagues (2020), the most common way to operationalize these variables in the HRS is to
create allostatic load index using a quartile count. Higher levels of each biomarker indicates
higher allostatic load, except HDL, which was reverse coded. Respondents above the 75%
percentile of each biomarker were coded as one and all those below the threshold were coded
zero. Quartiles were calculated across the full sample to ensure the representativeness of the U.S.
population (Oi and Haas 2019). The dummy variables were then summed, creating an index of
zero to nine, where higher counts indicate a higher allostatic load. I then calculated the mean
value of the index to create a time-invariant mean allostatic load variable. The measure of
allostatic load I utilize represents the respondent-specific level of physiological dysregulation,
which at higher levels indicates the potential for worse cognition.

Years of education are measured as a continuous variable from 0 to 17, which will allow
for easier interpretability of model results. Here, education is a proxy for, or at least
representative of the processes that increase, cognitive reserve (Salthouse 2009). More years of
education will indicate greater cognitive reserve and thus higher levels of cognition. Lastly, I
used the HRS publicly available data on which Census region respondents live in at each wave to
measure the number of years that each respondent has lived in the southern United States. The
southern Census region includes Delaware, District of Columbia, Florida, Georgia, Maryland,

North Carolina, South Carolina, Virginia, West Virginia, Alabama, Kentucky, Mississippi,
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Tennessee Arkansas, Louisiana, Oklahoma, and Texas. The measure is of the cumulative
exposure to the south’s policy environments, which lack the social, economic, and health policies
that stave off ADRDs and improve cognition outcomes (Gilsanz et al. 2017; Montez and Farina
2021; Zacher et al. 2023). By modeling residence in the south as an exposure, as opposed to a
dummy variable, I am able to quantify and model how living in the southern context influences

the cognition trajectories across the four intersectional race-gender groups.

Analytic Plan

I conducted a multi-group second order (or multiple indicator) latent growth model
(SGM) within a structural equation modeling (SEM) framework to test for measurement
invariance of cognition by intersectional race-gender groups over age. Substantive measurement
invariance analyses were conducted using Mplus version 8.8 (Muthén and Muthén 2017). The
SGM differs from the better-known first order (or single indicator) latent growth curve model
(LGCM) in that there are two parts: the measurement model and the latent growth model. The
advantage of this two-step process is that it allows researchers to test for measurement invariance
of the latent factor over repeated measures and over groups (Chan 1998; Geiser et al. 2013;
McArdle 1988). Building off of chapter one, I estimate separate measurement models for each
two-year age group for eight age groups (65-66, 67-68, 69-70...79-80), focusing only on the
scalar and partial scalar models from my previous chapter. The second step utilizes the latent
cognition factors at each time point from the first step and models them in a LGCM over eight
two-year age groups. The resulting LGCM estimates a latent intercept factor and latent slope
factor for each race-gender group. These latent intercepts and slopes represent the growth

trajectories, or estimated underlying growth process that leads to differential trajectories in the
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latent factor (Kline 2015; McArdle and Epstein 1987; Meredith and Tisak 1990). In this chapter,
the intercept represents the average latent cognition factor for each race-gender group at age 65
to 66. The latent slope factor measures the average change in the latent cognition factor over age,
measured here in two-year intervals. The LGCMs in this chapter are linear models with
continuous outcomes.

Before running an SGM, the measurement model must first be identified—as is, there are
more parameters than there are unique values to predict them (Kline 2015). In order to identify
the model, the cognition factor requires a scale since latent factors lack an inherent metric (Sass
2011). According to experts, the scaling variable should not be random, but based on which item
in the measurement model is “most invariant” (Cheung and Rensvold 1999; Sass 2011), which in
this case is the IMRC item. The factor loadings for the IMRC item are set to one across all race-
gender groups. The remaining factor loadings for DLRC, CNTB, Ser7, Names, and Dates are
time-invariant and set to that of the reference group (White males) across the intersectional race-
gender groups. In addition, the intercepts for the IMRC item are set to zero at each time point
and across all race-gender groups. The two models of interest—the scalar and partial scalar
models—differ in how their remaining intercepts are modeled. In the scalar model, the remaining
items (DLRC, CNTB, Ser7, Names, and Dates) time-invariant and are set to that of the White
male group for all of the race-gender groups. In the partial scalar model—the specification of
which I determined in Chapter 1—the intercepts remain time-invariant, while the DLRC and
CNTB intercepts are set to that of the White male group and the Ser7, Names, and Dates
intercepts are freely estimated across the intersectional race-gender groups. The time-invariance
of the scalar and partial scalar model is a substantive decision given current evidence finds that

the cognition factor is invariant over age and time (Avila et al. 2020; Barnes et al. 2015;
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Blankson and McArdle 2015), meaning the relationship between item factor loadings and
intercepts with the latent cognition factor do not change over age or time.

As previously noted, the focus of this chapter is on the scalar and partial scalar SGMs. An
important facet of SGMs is the model fit, which conveys how well the measurement model and
LGCM fit the data across intersectional race-gender group (Ferrer et al. 2008). Similar to the
multi-group confirmatory factor analysis of the previous chapter, I determine whether model fit
improves between the scalar and partial scalar SGMs models. I utilize three goodness-of-fit
indices: the y?, the root mean square error of approximation (RMSEA), and the Comparative Fit
Index (CFI). The y? is a general fit index, but is heavily influenced by sample size and may
show statistically significant differences in model fit when in fact the model fit differences are
negligible (Chen 2007; Cheung and Rensvold 2002). As Cheung and Rensvold (2002)
recommend, I focus on the RMSEA and CFI as indicators of model fit because they are superior
indices for detecting non-invariance in complex models with large sample sizes. Substantively,
the RMSEA evaluates the degree to which the estimated model differs from that of a theoretical
fully saturated model, where all variance and covariance is explained, thus numbers closer to 0
indicate better fit. The CFI, on the other hand, measures the discrepancy between the estimated
model and a theoretical baseline model where none of the variance and covariance is explained,
thus a number closer to 1 indicates a better fit (Lai and Green 2016). To employ these model fit
statistics, I utilize common cutoffs that previous experts have recommended, specifically
applying threshold values at or below 0.05 for the RMSEA and values at or above 0.95 for the
CFI to indicate a well-fitted model (Svetina et al. 2020; Wilson et al. 2023). To gauge whether
model fit improves between the more restrictive scalar 2LGCM and less restrictive partial scalar

2LGCM, I utilize the ARMSEA and ACFI, which are simply the differences between the indices
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from two models. To determine if the model fit changed significantly, values of ACFI less than -
0.005 or ARMSEA values greater than 0.010 indicate poorer fit and evidence that invariance at
that level does not hold (Chen 2007; Cheung and Rensvold 2002; Svetina et al. 2020).

In order to control for the three contextual factors of interest, I will additionally include a
regression of the latent intercept and slope factors on allostatic load, education, and years lived in
the South. The output includes the coefficients from these regressions, which indicate the
average change in the latent intercept and slope factor with every one unit increase in allostatic
load, education, and years lived in the south. The latent intercept and slope factors in regressions
controlling for these three covariates reflect the average latent cognition factor intercept and
slope when the variation due to allostatic load, education, and years lived in the South are
removed. The results will convey in which direction and to what degree these three covariates
influence respondents starting cognition (at age 65-66) and average change in cognition over
each two-year interval. The resulting latent intercept and slope factors from the baseline and full
models reflect both the estimated trajectories when bias due to measurement non-invariance is
removed and, in the full model, when the addition of three important individual- and contextual-

level variables that influence cognition are included in the model.

Current Study Sample

The starting sample in the HRS for Waves 3 (collected in 1996) to Wave 14 (collected in
2018) is N = 232,326 individual observations among 39,958 respondents. In order to be included
in the analytic sample, respondents had to have non-missing values for race, ethnicity, gender,
sampling weights, and had to be aged 65 to 80. Respondents had to respond to the survey

themselves and not by proxy. Additionally, respondents and had to either be in the 2006 or 2008
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waves to submit a dried blood sample and have non-missing values for the biomarker and
biometric data. Lastly, respondents had to have a non-missing value for years of education and
the census division. The final sample size is N = 9,698 respondents, with 500 Black men, 920
Black women, 3,428 White men, and 4,850 White women.

Summary sample statistics include unweighted means and standard deviations of the
allostatic load index, years of education, and years lived int the South (Table 1) for the full
sample and across race-gender intersectional group. All summary and descriptive statistics were
conducted using Stata 17 (Stata Corp 2021). The average allostatic load index, which ranges
from 0 to 7, was around 2.0 across the full sample and separately by intersectional race-gender
group. This reflects that, on average, everyone in the sample fell in the top 75" percentile in two
of the nine biometric variables. For the full sample, the average years of education was
approximately 13 years. By race-gender group, average years of education was lowest for Black
men (11.1 years), followed by Black women (11.7 years), White women (12.9 years), and White
men (13.3 years). Lastly, the average years that people lived in the South, starting at age 65, was
4.1 for the full sample. There is a clear racial distinction in southern residence, with Black men
and women living in the South for an average of 6 years compared to White men and women,
who average around 4 years living in the region. The average years of education and southern
residence provides context for the following analyses, where there is a clear gradient across race-
gender groups with regard to education and years lived in the South. The differences in education
and southern residence may partly explain part of the variation in race-gender cognition
trajectories, namely through differential education opportunity structures and exposures to

austere state policy environments.
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RESULTS

Model Results of Second-Order Latent Growth Models Controlling for Contextual Variables
The following results focus on the baseline and full model with all three covariates
included (Table 1). Models controlling for each variable separately and combination are in the
Supplementary Table 1. The baseline model results (Table 1) include the latent intercept and
slope over the four intersectional race-gender groups. The baseline model does not include any
covariates and adjusts the measurement portion of the growth model to be invariant across race-
gender groups. The latent intercepts, which reflect the average latent cognition score when
respondents are 65-66 years old, reflect the race-gender trends outlined in my previous chapter:
White women have the highest intercept (6.37), followed by White men (5.82), Black women
(5.54), and Black men (5.01). All of the intercepts are statistically significant at the p = 0.001
level. Additionally, the 95% confidence intervals of the intercepts do not overlap between
groups, meaning the intercepts are statistically distinct from one another. Previous research that
utilizes growth modeling (outside the SEM framework) find cognition trajectory gaps are solely
drawn down racial lines, and see no differentiation by gender (e.g., Yang et al. 2023). This may
be indicative of the SGM’s ability to create equivalent measures of cognition for Black and
White women to that of Black and White men over age. The latent slopes, which present the
average linear change in cognition over each two-year period, are virtually the same across
intersectional race-gender group, between -0.14 to -0.12. Because these estimates are close
together, the 95% confidence intervals overlap with one another, and thus are not statistically
distinct from one another. These slopes do mimic linear declines in cognition from middle to late
adulthood (e.g., Salthouse 2009, 2019; Yang et al. 2023), suggesting that the measurement

invariance analysis does not alter the rate of change in cognition. These results differ from what
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researchers have found when looking at age trajectories over race-gender groups, where there is
a clear distinction between each group, with White women and Black women outperforming
their male counterparts.

The full model results on the right side of Table 1 present the findings for the multiple-
indicator latent growth model when I control for mean allostatic load, years of education, and
number of years lived in the south. The resulting intercept and slope in the full model are the
estimates of the intercept and slope devoid of variation due to allostatic load, years of education,
and living in the South. The intercepts decrease significantly in the full model compared to the
baseline model, where White women have the highest intercept (4.10), followed by White men
(3.45), Black men (3.11), and Black women (3.02). As compared to the baseline model, the 95%
confidence intervals for the intercepts overlap between Black men and Black women; the
confidence intervals do not overlap between White men and White women, suggesting the three
covariates do not account for the difference in intercepts between White men and White women.
As for the slopes, there is a clear increase in estimates in the full model compared to the baseline
model for White men (from -0.14 to -0.08), White women (from -0.13 to -0.07) and Black
women (from -0.14 to -0.08). Black men, on the other hand, have a slope of -0.14 in both the
baseline and full models. The slopes estimates are all statistically significant at the p=0.05 levels,
except for Black women, whose slope is not statistically different from zero. As evidenced in
Figure 1, when I include the three covariates in the model, the resulting trajectories have minimal
differences between Black women, Black men, and White men. It appears that with the addition
of adjusting for measurement non-invariance, controlling for allostatic load, education, and

southern residence nearly eliminates the race-gender differences. What led to the compression of
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these trajectories is evident in the regression coefficients of the intercept and slope on allostatic
load, education, and southern residence.

The regression coefficient of the latent intercept factor on allostatic load was statistically
significant for White men and women, where a one unit increase of average allostatic load was
associated with a -0.06 and -0.04 unit decrease in cognition, respectively. The relationship
between average allostatic load and the latent intercept for Black men and women was not
statistically significant. This runs in contrast to the Hypothesis 1a, where AL has a negative
relationship only for White women and men and not for Black women or Black men. In
controlling for AL, the intercept factor slightly increases, removing the negative association
between AL and cognition for White women and men. However, there is evidence for
Hypothesis 1b, where the regression of the slope on AL was not statistically significant across all
groups.

Education had a statistically significant association with the latent intercept factor across
all four groups, which explains the drastic decrease in intercepts between the baseline and full
models. For White men and White women, a one-year increase in education is associated with
approximately 0.17 unit increase in cognition. For Black men and Black women, a one-year
increase in education is associated with a 0.22 and 0.25 unit increase in the intercept,
respectively. These results run contrary to Hypothesis 2a. White women and men have a smaller
association between the intercept and education compared to Black women and men, suggesting
there is a slightly greater “conversion” of educational attainment into higher cognition for Black
women and men. This runs contrary to research on the association between education and
cognition, which usually finds the opposite—Whites have a larger association between education

and cognition compared to Black men and women because they are able to translate education
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into higher cognition through accessing the benefits that resourced social networks,
neighborhoods, and health care can provide (Avila et al. 2021; Yang et al. 2023). The association
between the latent slope factor on years of education was statistically significant for Black
women, where a one-year increase in education was associated with a -0.01 unit decrease in the
latent slope factor. This finding is seemingly counterintuitive, though this may reflect a faster
decline in cognition given the higher intercept that higher education would confer. The remaining
groups had no association between the slope factor and education. The findings regarding the
relationship between the intercept and slope with education replicate what other scholars have
found in the HRS and other datasets of aging Americans (see Lovdén et al. 2020 and Seblova,
Berggren, and Lovdén 2020 for meta-analyses and reviews) for Black men, White women, and
White men. Education is associated with intercept, or level, of cognition and not the slope, or
change over time. This which falls in line with the prediction of Hypothesis 2b, but does not hold
for Black women.

The regression of the average years lived in the South were not statistically significant
across all groups in the full model. However, in Supplemental Table 1, the model that only
includes the southern residence variable finds a negative significant relationship for Black
women only. This suggests that living in the south for Black women is detrimental to the level
cognition, but not change in cognition. The fact that the association disappears in the full model
(Table 1) suggests that years of education moderates the relationship between southern residence
and cognition—education may be the modifiable element that makes exposure to the policy
environments in the South inconsequential for cognition levels for Black women in this sample.

A comparison of the baseline and full model trajectories are plotted in Figure 1. The

baseline model trajectories have clear, wide gaps in the level of cognition, but little difference in
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the slope, or change, in cognition over time. The full model—which accounts for measurement
invariance and contextual factors—nearly eliminates the disparities between Black men, Black
women, and White men. Controlling for allostatic load and education in addition to adjusting for
measurement non-invariance compresses the trajectories together. Education appears to account
for most of the difference in the intercept, which decreases drastically between the baseline and
full models. The slopes for Black women, White women, and White men shift towards zero by
more than half, however Black men’s slope remains the same between the baseline and full
models. The reason for this change in slope appears to be due to the large shift in the intercepts
across all groups moving down by several units. While the disparities are mostly accounted for
among Black women, Black men, and White men, the gap between White women’s cognition

trajectory and the three other trajectories remains.

Fit Indices for Baseline and Full Model

The model fit indices convey how well the data fit the structural equation I modeled in
the second-order latent growth model across the intersectional race-gender groups (see Chapter
2). An improved change in the fit statistics from the baseline to the full model will suggest that
the inclusion of covariates at the individual, institutional, and structural level reflects a more
accurate portrayal of the data. The fit of the baseline model (Table 2) reflects how well the data
fit when the cognition factor loadings and intercepts are time-invariant; the cognition factor
loadings are set to the reference group (White men); the intercepts for DLRC and CNTB are set
to the reference group; and the intercepts for Ser7, Names, and Dates are freely estimated. The
model fit indices are mixed with regard to how well the growth model fits the data. The RMSEA
is 0.019, which suggests a well-fitted model, with the fit statistic falling under the threshold of

0.05. However, the baseline model’s CFI is 0.897, which is well below the threshold for a well-
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fitting model (0.95) but very close to an adequate fit (0.90). In the full model, the latent growth
factor intercept and slope are regressed on variables for allostatic load, years of education, and
total years lived in the south. Similar to the baseline model, the fit indices point to a semi-well-
fitted model, with an RMSEA of 0.017 and a CFI of 0.852. The change in fit between the
baseline and full models suggests that there is mixed evidence for a change in fit, with a
ARMSEA of 0.002 and a ACFI of 0.045. The ARMSEA suggests that the model fit improves
slightly and ACFI suggest that the model fit deteriorates significantly. However, experts suggest
that in confirmatory factor analysis, the RMSEA should be considered with greater weight than
the CFI because the former is the comparison between a fully saturated model (i.e., all the
covariance explained), which is presumably the goal of SEM (Lai and Green 2016; Rigdon
1996). In addition, the cutoff points for goodness-of-fit indices are arbitrary (Lai and Green
2016; Svetina et al. 2020); given that the results largely mimic previous findings and logically
follow the results of my previous chapters adds to my confidence that the model fit is acceptable

and slightly improves with the addition of the three covariates.

DISCUSSION

Previous research has established that cognition in aging Americans is discrepant across
race and gender, where Black people’s cognition fairs worse than that of White’s, while women
bear the brunt of Alzheimer’s disease in old age compared to men. In trajectories over age,
researchers have attempted to explain the gaps between race and gender groups by controlling
for relevant social factors, like education, SES, stress, and geography, but often still find a race-
and gender-based gaps. However, previous studies on race- and gender-based disparities in

cognition trajectories over age have neglected the potential for bias in the cognition assessment
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themselves. A potential answer lies in utilizing second-order latent growth curve models (SGM)
within a structural equation modeling (SEM) framework, where analysts can assess if and to
what extent are cognition trajectories over age measured equivalently across social dimensions.
Most research on race and gender differences in cognition is executed under the
assumption of measurement invariance. Measurement invariance is a foundational assertion that
the latent variable of interest—here, cognition—is captured by the same set of tests and
questionnaire items over social dimensions and time (Horn and McArdle 1992). However, it may
be that some proportion of the differences in cognition are not real differences in cognitive
abilities but an artifact of measurement non-invariance, where survey items and tests do not
capture the same underlying construct across sub-groups (Horn and McArdle 1992). Extant
research has not adjusted cognition trajectories for measurement non-invariance while
simultaneously controlling for relevant covariates. The remaining disparities in cognition
trajectories are possibly due to measurement non-invariance across race and gender group. The
analyses of this chapter included allostatic load, education, and number of years lived in the
South as social, contextual variables pertinent to race-gender cognition disparities in old age.
My analyses find that, in addition to adjusting for measurement non-invariance, allostatic
load and education account for much of the difference in cognition trajectories across
intersectional race-gender groups. Black women’s, Black men’s, and White men’s cognition
trajectories in old age are compressed together in the full model controlling for AL, education,
and southern residence. The association between allostatic load and the intercept was not
statistically significant for Black women or Black men, but had a negative association for White
women and White men. This runs contrary to Hypothesis 1a, in which I hypothesized that Black

women would have the largest association followed by Black men, and that there would be no
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association for White women and men. The reason for the statistical relationship for the White
sample may be because White women and men do not utilize adaptive coping mechanisms to the
same extent that Black women and men do as a matter of survival in society organized by a
White patriarchy (Perez et al. 2023), and thus have hypersensitive reactions to stressors. In fact,
using a sample of Black men and women from the HRS, McDonough, Byrd, and Choi found that
resilience resources—social support and social contact—buffered the effects of discrimination on
cognitive decline (2023). There may be social resources or resilience that White men and women
do not utilize and thus have elevated allostatic load. Additionally, Boen and colleagues found in
their decomposition of the Black-White disparities in biological aging that structural,
socioeconomic influences accounted for a majority of the disparity, while psychosocial (i.e.,
stress and allostatic load) factors accounted for a minimal proportion of the Black-White
disparities in biological aging (2023).

Education appears to have a larger influence on the level of cognition compared to
allostatic load. There is a clear positive, significant association between the intercept and
education across all four groups. This partially supports Hypothesis 2a; however, the coefficients
for the regression of the intercept on education for Black women and men were significantly
higher than the coefficients for White women and men. These findings conflict with research that
finds the opposite relationship between race, education, and cognition: White people are able to
“convert” their education into better cognitive outcomes, while Black people experience
diminishing returns to their education (Avila et al. 2021; Yang et al. 2023). However, the
discordant results of this chapter may be due to adjusting the model for measurement non-
invariance, which leads to differential changes to the relationship between education and

cognition. The slope factor does change for Black women, White women, and White men,



113

shifting up towards zero despite the lack of association between the latent slope factor and
education. This is perhaps due to the intercepts so drastically falling in the full model compared
to the baseline model. Black men’s cognition slope remained the same despite also seeing a drop
in their intercept. Overall, by accounting for measurement non-invariance and the relevant
covariates, I nearly eliminated the disparities in cognition trajectories. However, a gap remains
for White women, who have an elevated trajectory compared to that of Black women, Black
men, and White men. This mimics the findings from McDonough et al. who found that, when
utilizing a different method of removing bias from cognition, White women had similarly
persistent higher cognition compared to Black, Hispanic, and Asian men and women and White
men (2022).

As with any analyses, this study comes with some limitations. For one, the allostatic load
and southern residence are time-varying covariates, but I operationalized them as being time-
invariant. Cognition may be more sensitive to immediate changes in stress levels and policy
contexts, especially given the impact that allostatic load and health-related state policy has on the
cognition of the aging population. Additionally, as with any study investigating aging
populations, mortality selection possibly altered the sample, where people with very low
cognition died, leaving a more cognitively robust sample. However, this is a perennial issue in
aging research and may be circumvented by controlling for whether a respondent dies while in
the study. Despite these limitations, these findings suggest that disparities in cognition
trajectories in old age can potentially be accounted for through two means: incorporating
measurement invariance analysis and including relevant covariates. Without viewing these
trajectories by intersectional race-gender groups over age, these disparities would go unnoticed.

Future analyses of cognition trajectories across socially defined groups must take into account
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the potential for measurement bias in cognitive measurement tools when modeling changes over

age.
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TABLES AND FIGURES

Table 1. Unweighted descriptive statistics of the Health and Retirement Study 1996-
2018, N=9,698 aged 65-80

Allostatic load Years of Years lived in
index education the south
Total Mean 1.9 12.8 4.1
N=9,698 SD 1.2 2.7 4.9
100.0% Min 0 0 0
Max 7 17 12
Black men Mean 2.2 11.1 5.7
n=500 SD 1.3 3.5 4.9
5.2% Min 0 0 0
Max 7 17 12
Black women Mean 2.2 11.7 5.8
n=920 SD 1.3 3.0 5.0
9.5% Min 0 0 0
Max 6 17 12
White men Mean 2.0 13.3 3.8
n=3,428 SD 1.2 2.8 4.8
34.3% Min 0 0 0
Max 7 17 12
White women Mean 1.8 12.9 3.8
n =4,850 SD 1.2 2.4 4.8
50.0% Min 0 0 0

Max 7 17 12




Table 2. Second-order latent growth model estimates for the baseline and full model estimates (& SEs) across race-
gender group from the Health and Retirement Study 1996-2018, N=9,698 aged 65-80

Baseline Full model
WM WwW BM BW WM WW BM BW
5.82%*% o 37¥FK 5 (5%k¥*k 5 54%%*k | ASFKE 4 JQFKF FJRFE 3 Q2%**
Intercept
(0.04) (0.03) (0.09) (0.05) (0.16) (0.14) (0.40) (0.31)
gl -0.12%**% -0, 13%** (0. 14%**  -0.14%** | -0.08** -0.07** -0.14* -0.07
ope
P (0.01) (0.00) (0.02) (0.01) (0.03) (0.02) (0.07) (0.05)
— — — — -0.047 -0.06***  0.00 -0.06
Intercept on AL
— — — — (0.02) (0.02) (0.07) (0.05)
— — — — 0.00 0.00 0.02 0.00
Slope on AL
— — — — (0.01) (0.00) (0.01) (0.01)
Intercept on — — — — 0.18*** 0.17*** 0.22*** 0.25***
education — — — — (0.01) (0.01) (0.03) (0.02)
) — — — — 0.00 0.00 0.00 -0.017
Slope on education
— — — — (0.00) (0.00) (0.00) (0.00)
Intercept on 11Vlng — — — — 0.00 '0.01 '0.01 '0.01
in south — — — — (0.01) (0.00) (0.02) (0.01)
Slope on living in — — — — 0.00 0.00 0.00 0.00
south — — — — (0.00) (0.00) (0.00) (0.00)

Note: WM = White men, WW = White women, BM = Black men, BW = Black women; ***p <0.001 **p<0.01 *p<0.05
p<0.10; AL = average allostatic load (AL); education = continuous measure of years of education; living in the south = Average
number of years living in the south since age 65
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Table 3. Goodness-of-fit indices for the baseline and full models

Baseline model Full model
Chi-square 7795.53 8516.23
df 4252 4803
RMSEA 0.019 0.018
ARMSEA — 0.001
CFI 0.897 0.873
ACFI — 0.024

Figure 1. Estimated mean latent cognition factor
over age by race-gender group for the baseline
and full models

65-66  67-68 69-70  71-72  73-74 75-76  77-78  79-80

Age
Full, WM Full, WW Full, BM
Full, BW = == Baseline, WM = == Baseline, WW

Note: WM = White men; WW = White women; BM = Black men; BW = Black women
These are the results of the one-factor model; the two-factor model was unable to
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SUPPLEMENTAL TABLES AND FIGURES

Supplemental Table 1. Second-order latent growth model estimates for the baseline and full model estimates (& SEs) across race-gender group
from the Health and Retirement Study 1996-2018, N=9,698 aged 65-80

Allostatic load (AL) model

Education model

Live in South model

WM WW BM BW WM WW BM BW WM WW BM BW
6.02%%%  G5GFRE  50R%FKE 5 75wEE | 3ogakk 3 Qpwkk gDk D ODEER | SQQkEE  (3QEKR 5 [4kER 5 GREKE
Int.
(0.07) (0.05) (0.18) (0.13) (0.14)  (0.15) (0.29) (0.29) 0.04)  (0.04) (0.16) (0.08)
. OI1FEE 0 13%EE 0 16%*E  0.16%F* | -0.07%%%  -0.06%**  -0.11* -0.11 0.12%HF 0 13HEE (2% (] GFE
ope
P (0.01) (0.01) (0.03) (0.03) 0.03)  (0.02) (0.05) (0.05) (0.01)  (0.01) (0.03) (0.02)
0.12%%%  0.13*%%* 001 -0.13%
Int on AL
(0.02) (0.02) (0.08) (0.05)
Slope on | 0-00 0.01 0.01 0.01
AL | (0.00) (0.00) (0.01) (0.01)
0.18%%%  (.18%%%  (22%k% (0%
Intoned
(0.01)  (0.01) (0.02) (0.02)
Slope on 0.00 0.00 0.00 0.01F
ed (0.00)  (0.00) (0.00) (0.00)
Int on 0.00 -0.01 -0.02 -0.04%*
South (0.01)  (0.01) (0.02) (0.01)
Slope on 0.00 0.00 0.00 0.00
South (0.00)  (0.00) (0.00) (0.00)

Note: Int. = Intercept; AL = Allostatic load; Ed = Years of education; South = Years lived in the South

WM = White men, WW = White women, BM = Black men, BW = Black women; ***p <0.001 **p<0.01 *p<0.05 p<0.10; Model 1 controls for
average allostatic load (AL); Model 2 controls for years of education; and model 3 controls for proportion of time spent in the south.
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Supplemental Table 2. Second-order latent growth model estimates for the baseline and full model estimates (& SEs) across race-gender group
from the Health and Retirement Study 1996-2018, N=9,698 aged 65-80

Allostatic load (AL) + Live in South

Education + Live in South

Allostatic load (AL) + Education

WM WW BM BW WM WW BM BW WM WW BM BW
G.O2%H%  6.58%EE  SO(FEE 5Ok | QTR 3 oqwmx 3 (QEEE D ODEER | JASEEE 4 0Q%EE D QpEER D g
fnt 0.07)  (0.06)  (0.23)  (0.14) | (0.14)  (0.15) (035  (0.28) | (0.16)  (0.13)  (0.32)  (0.28)
0,128 0 13%k% _0[5%FF Q. 17F6% | 0.07%%  -0.06*  -0.11*  -0.07 0.07%%  -0.07%*  -0.15%*%  -0.05
Slope (0.01)  (0.01)  (0.04)  (0.03) | (0.03)  (0.02)  (0.06)  (0.05 | (0.03)  (0.02)  (0.05)  (0.05)
Inton | -0-12%¥%% -0.13***  0.00 -0.14%% 0.04F  -0.06%** 0.0l -0.06
AL 0020 0020 (008 (0.0 0.02)  (0.02)  (0.07)  (0.05)
Slope | 0-00 0.01* 0.01 0.01 0.00 0.00 0.02 0.00
onAL | (0.00)  (0.00)  (0.02)  (0.01) (0.00)  (0.00)  (0.01)  (0.01)
Int on 0.18%%% O 17%%%  (22%%%  (25%kk | (8%k% () [7EE (22kRE (6%
ed 0.01)  (0.01)  (0.03)  (0.02) | (0.01)  (0.01)  (0.03)  (0.02)
Slope 0.00 0.00 0.00 -0.01 0.00 0.00 0.00 -0.01%
oned (0.00)  (0.00)  (0.00)  (0.00) | (0.00)  (0.00)  (0.00)  (0.00)
Inton | -0-01 -0.01 -0.02 -0.04%* | 0.00 -0.01 -0.02 -0.01
South | (9o1)  (001)  (0.02 0.01) | (0.01)  (0.00)  (0.02)  (0.01)
Slope | 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SOU(;E 0.00)  (0.00)  (0.00)  (0.00) | (0.00)  (0.00)  (0.00)  (0.00)

Note: WM = White men, WW = White women, BM = Black men, BW = Black women; ***p <0.001 **p<0.01 *p<0.05 1p<0.10
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CHAPTER 5. CONCLUSION

As I have outlined throughout this dissertation, the aging population of the United States
and around the world has initiated efforts from governments, policymakers, international
agencies, and public health officials to understand the consequences of chronic illness of old age,
namely Alzheimer’s disease and related dementias (ADRDs) (Nichols et al. 2022; Prince et al.
2015; Rajan et al. 2021; U.S. Census Bureau 2021). The global public health concern around
ADRDs—the major cause of cognitive disability in aging populations—has led to both domestic
and international initiatives to gather population data to better understanding the etiology of
dementia in high-, middle-, and low-income country contexts (Gross et al. 2023; Langa et al.
2020; Nichols et al. 2022). As a leader in gathering and disseminating data and reports on aging
populations in the United States and abroad, the HRS’s cognition assessment (Telephone
Interview for Cognitive Status, or TICS) and Aging, Demographics, and Memory Study
(ADAMS) paved the way for the establishment of the Harmonized Cognitive Assessment
Protocol (HCAP) as an international resource to make cross-national comparisons of the causes,
consequences, and trends in dementia around the world (Gross et al. 2023; Langa et al. 2005,
2020). The HCAP has been developed and implemented in international partner studies of the
HRS, which include six countries (China, England, India, Mexico, South Africa, and U.S.) with
the intention of providing valid and accurate cognition assessments in diverse cultural,
educational, social, economic, and political contexts (Gross et al. 2023; Langa et al. 2020).
Altogether, the HRS has created and made available invaluable resources in the study of
cognitive aging for scholars and practitioners across a wide range of disciplines.

Specifically in the U.S. context, social scientists have made a concerted effort to explain

race and gender differences in ADRDs by identifying modifiable risk factors, or the social,
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contextual, and behavioral factors that can be controlled or changed and potentially lead to
ADRD prevention and reduction (Livingston et al. 2020; Nianogo et al. 2022). Because race- and
gender- based cognition disparities are not, by definition, essential to socially constructed social
statuses, the principal drivers of disparities are the larger structural factors that produce these
disparities (Braveman et al. 2011; Braveman and Gottlieb 2014; Williams 2012; Williams and
Mohammed 2013; Williams and Sternthal 2010). Scholars frequently utilize the HRS’s TICS
assessment to estimate group differences and identify the influence that modifiable risk factors
have on cognition. This dissertation extends the effort of HRS by asking if and to what extent
bias in the form of measurement non-invariance in the HRS’s cognition assessment contributed
to disparities in cognition across four intersectional race-gender groups. Research using the
HRS’s TICS assessment infrequently demonstrates whether cognition is equivalently measured
across race and gender groups, and even more seldomly demonstrated at the intersection of race
and gender. By centering measurement invariance in cognition assessments while utilizing an
intersectional lens, I was able to uncover bias in the measurement of cognition that would have
otherwise gone unnoticed if race and gender were considered separately.

These analyses and findings add to the national and global efforts of creating and
critically assessing how well cognition batteries, like the HRS’s widely-used cognitive
assessments, capture cognition (Gross et al. 2023; Langa et al. 2020). Taken together, my
findings suggest that some proportion of the disparities in cognition across intersectional race-
gender groups is due to biased items in the measurement tool itself, which translate into
significant differences in cognition estimates across intersectional race-gender groups. My

analyses are far from an indictment of the HRS and its cognition assessment, but instead work
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alongside the HRS’s efforts to better understand how measurement models perform in diverse

populations and the subsequent cognition estimates those measurement models produce.

Summary of Key Findings

In Chapter 2, I computed the proportion of bias in the measurement of cognition across
four intersectional race-gender groups (Black women, Black men, White women, White men) in
a cross-sectional sample of adults 50 years and older. The important contribution of this paper
was the utilization of an intersectional lens, which informed the hypotheses and revealed that the
bias in the cognition instrument superficially lowered the average cognition of Black and White
women. When I adjusted the measurement model so that cognition was measured equivalently
across the four intersectional race-gender groups, Black women and White women had
significantly higher cognition than their male counterparts. Without this adjustment, I would
have come to the incorrect conclusion that cognition disparities are predominantly drawn down
race lines, with little differentiation by gender (e.g., Yang et al. 2023). These results imply that
measurement invariance must be taken into account in cross-sectional, observational studies to
estimate the real differences between intersectional race-gender groups.

Chapter 3 extended the findings of Chapter 2 by determining the amount of bias over age
trajectories of cognition across the four intersectional race-gender groups. The current literature
has not studied the amount of bias due to measurement non-invariance in longitudinal studies of
cognition. Using a sample of adults aged 65 and over, I compared an unadjusted, biased model
with the adjusted, unbiased model established in Chapter 2 to quantify the amount of bias the
cognition assessment introduced in longitudinal models of cognition. While the results were not

as dramatic as the results in Chapter 2, the adjusted, unbiased model showed a clear reduction in
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the gap between Black women and White men by approximately 50%. An additional
contribution of this chapter was hypothesizing around the covariance between the slope and
intercept, an often-overlooked coefficient in latent growth model output, across the four groups
to measure the amount of variation—or uncertainty—in trajectories. I found that White women
and White men had statistically significant, negative covariances between the intercept and
slopes, while Black women and men had coefficients that were not statistically different from
zero. This implies that the downward trajectories for Black women and men are varied, leading
to greater individual-level uncertainty and greater population-level heterogeneity.

The last chapter modeled adjusted, unbiased trajectories of cognition over age,
controlling for social and contextual variables that research has found to influence cognition,
which included allostatic load, education, and number of years lived in the south. The results find
that education had the largest association with the intercepts of the latent growth models across
all four of the intersectional race-gender groups. When I controlled for education, the intercepts
dropped by approximately 50%, with greater drops for Black women and men compared to
White women and men, suggesting that years of education had a larger impact on the level of
education. Notably, education was not associated with the slope, or change, in cognition over
age. Allostatic load—a measure of elevated, sustained stress response—was negatively
associated with the intercept, or level, of cognition. When I controlled for allostatic load, the
intercepts for White women and men increased, suggesting that chronic, elevated stress is
detrimental to cognition for White men and women. There was no such association for Black
women and men. Ultimately, when all three covariates were included in the adjusted, unbiased
model, the disparities between trajectories substantially diminished among Black women, Black

men, and White men. The adjusting for measurement non-invariance longitudinally and
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controlling for socially relevant covariates did not reduce the gap between White women and

Black women, Black men, and White men.

Suggested Directions for Future Research

Throughout this dissertation, I have elucidated the importance of ensuring that cognition
is measured equivalently across race-gender groups. In calculating the amount of bias that
measurement non-invariance introduces, I have found substantial evidence that cross-sectional
and longitudinal studies of cognition must demonstrate that the cognition measurement is free
from bias to calculate true differences in cognitive ability. Utilizing an intersectional lens
allowed me to uncover considerable bias in the measurement of cognition across Black women,
Black men, White women, and White men, which would have gone unnoticed had race and
gender been considered separately. These findings set up the potential for future studies to further
investigate measurement bias in widely-used survey assessments.

Quantitative social scientist—who presumably know that race and gender bias is built
into cognition assessments by virtue of being developed by White men—have the opportunity to
utilize methodology that can ensure measurement non-invariance in multi-level, multi-group
models. Alignment optimization (AO) (Asparouhov and Muthén 2014) within a confirmatory
factor analysis (AwC) (Marsh et al. 2018) framework offers a method to ensure measurement
invariance in longitudinal, multi-level, and multi-group models. The AO method corrects for
measurement invariance in large, complex latent measurement models, creating a single
measurement model akin to the configural invariance model (Asparouhov and Muthén 2023;
Muthén and Asparouhov 2018). The AwC method extends the AO method by using the

optimized (i.e., invariant) measurement model in a growth model (Lai 2021; Marsh et al. 2018),
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steps similar to the second-order growth model performed in Chapters 3 and 4. As sociologists,
we are aware of the potential for bias in cognition assessments, and yet, very little attention is
paid to identifying and correcting for bias in the measurement of cognition. There is room for
collaboration between methodologists and sociologists to use these methods with real data to
better understand aging and cognition.

Additionally, I alluded to the importance of elucidating all aspects of inequality in
ADRDs, including considering how variation in cognition in cognition trajectories may impact
the prognosis and sense of control one has on their health in old age. Previous research has
investigated the average number of years people are expected to live with an ADRD,
disaggregated by race and education level (Farina et al. 2020; Garcia et al. 2021). Much like
demographic scholars have done with lifespan variation and dispersion (e.g., Firebaugh et al.
2014; van Raalte et al. 2018; van Raalte and Martikainen 2014; Sasson 2016), a potentially
fruitful next step is to utilize official enumerations of ADRDs and age at diagnosis to better
understand variation around ADRDs across groups. The dispersion around the average years
lived with an ADRD points to when in the life course people are being diagnosed and provides a
potential entry point in intervening or delaying the onset of dementia. These differences in
dispersion around dementia-free life expectancy may uncover more fully the disparities people
face.

Overall, the intersectional framework I used opens the possibility of executing
measurement invariance analyses using intersection of other social identities or in contexts
outside the United States. For example, educational attainment may be an achieved status that
effects answering cognition assessment items related to crystallized knowledge, or the

accumulation of knowledge and facts one accumulates through school. Similarly, those who
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speak English as a second language face barriers to answering questions that has little to do with
their actual cognitive ability. Measurement invariance analysis across intersectional groups in
international contexts may uncover non-invariance across diverse groups or provide further
evidence for the validity of cognition assessments in culturally and linguistically varied contexts.
These additional social statuses and contexts make conveying cognition challenging; it is
important to consider these and other identities when analyzing cognition data and ensuring the

measurements are unbiased.
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