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Abstract

Despite the extensive study of predictors of cognitive decline in older age, a key uncertainty

is how much these predictors explain both the intercept and age- and non-age-related

change in cognitive functioning (CF). We examined the contribution of a broad range of life

course determinants to CF trajectories. Data came from 7,068 participants in the 1996–

2016 Health and Retirement Study. CF was measured as a summary score on a 27-point

cognitive battery of items. We estimated multilevel growth curve models to examine the CF

trajectories in individuals ages 54–85. We found that the variation in CF level at age 54 was

three times as much as the variation in age slope. All the observed individual predictors

explained 38% of the variation in CF at age 54. Personal education was the most important

predictor (25%), followed by race, household wealth and income, parental education, occu-

pation, and depression. The contributions of activity limitations, chronic diseases, health

behaviors (obesity, smoking, vigorous activity), childhood conditions (childhood health,

nutrition, financial situation), gender, marital status, and religion were rather small (<5%).

Even though the age slope varied with many adulthood factors, they only explained 5.6% of

the between-person variation in age slope. Moreover, age explained 23% of within-person

variation in CF from age 54 to 85. The rest non-age-related within-person variation could not

be explained by the observed time-varying factors. These findings suggest that future

research is urgently needed to discover the main determinants of the slope of cognitive

decline to slow down the progression of cognitive impairment and dementia.

Introduction

Dementia, described in the early 1980s as “The Silent Epidemic” [1], is expected to become a

major disease in most countries around the world as the aging population continues to grow.

The number of individuals with dementia is estimated to increase to 131.5 million by 2050 [2].
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With the aging U.S. population, the number of Americans living with Alzheimer’s is projected

to nearly triple from 5.8 million to 13.8 million between now and 2050 [3]. This prospect will

likely create a substantial burden for Medicare, the healthcare system, and consequently the

economy. Dementia, however, only accounts for 41% of cognitive decline among the elderly

[4]. Of the 41%, 30–34% are caused by Alzheimer’s disease, 1–3% are caused by cerebrovascu-

lar disease, and 4–8% are caused by Lewy body disease [4]. The remaining 59% of cognitive

decline is not explained by these neuropathologic indices [4]. Therefore, this study focuses on

overall cognitive function and cognitive decline like some prior studies [5], which has a broad

implication on population brain health because cognitive decline is pervasive in older adults,

even among those without dementia.

Low cognitive functioning (CF) and cognitive decline are associated with an increased risk

of poor quality of life, morbidity, and mortality [6, 7]. It is critical to discover why some indi-

viduals’ cognitive abilities are better than others, and why their cognitive declines are slower.

Solving this problem has important ramifications for policymakers and medical interventions

to target the causes that are most influential on cognitive trajectories. The notion of the level

and trajectory of cognitive functioning is also consistent with social scientists’ core interests in

how inequality unfolds over the life course. “Cumulative advantage/disadvantage” theory pos-

its that disparities in health between more and less advantaged groups increase over the life

course due to the cumulative health benefits of advantaged resources [8–10]. According to this

theory, we would expect individuals with more advantaged early-life and adulthood character-

istics experience both better cognitive functioning and a slower decline in cognition in later

life than those in more adverse situations.

While life course determinants of CF trajectories have been extensively studied and many

risk and protective factors have been proposed, a key uncertainty continues to be the relative

contribution of these factors to the variation in both the level and slope (or trajectory) of

decline in CF [5, 7]. The factors proposed by social and behavioral scientists and epidemiologi-

cal researchers span genes, early life nutrition, diseases, family background, adulthood socio-

economic status, psychosocial factors, physical and bio-behavioral factors, health, and lifestyle

[11–14]. However, findings from these studies are sometimes inconsistent or even contradic-

tory regarding the effects of these contributors to either the level or the slope of CF, meaning

that these topics remain the subject of debate [5, 7].

Studies generally conclude that factors such as smoking status [15, 16], depressive disorders

[17–19], diabetes mellitus [20], metabolic syndrome [21], and the APOE e4 genotype [22, 23]

are associated with more cognitive decline, while better physical health [24], physical activity

[25, 26], Mediterranean diet [27], and cognitive training [28] are protective factors.

Research on the relationship between sociodemographic factors, such as sex, socioeco-

nomic status, education, marriage, and cognitive decline, however, has yielded mixed results

[5]. For example, some studies report a steeper decline in CF among men than women [29],

while other studies do not find gender differences [30]. Childhood and adulthood socioeco-

nomic conditions contribute to the initial level of CF [31–38] but do not affect age-related cog-

nitive decline [13, 39–44], which is inconsistent with what the “cumulative advantage/

disadvantage” theory would predict.

These mixed findings often come from different datasets, research designs, time periods,

and countries [7]. They may also stem from the fact that each individual study only assessed a

limited number of predictors without accounting for intercorrelations with unobserved con-

founders, with a few notable exceptions [5, 13], which, however, have either a narrow-age

cohort or short follow-up. Moreover, most prior studies have primarily focused on between-
person differences in the level and age slope of CF. The age slope of CF refers to the trajectory

of CF over ages. Prior studies have focused on how the age slope may vary across individuals
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by their sociodemographic, behavioral, or other factors, which may cause a faster or slower

decline in CF over ages. Few of them have examined within-person non-age-related cognitive

variability and what factors may shape this within-person heterogeneity. Non-age-related cog-

nitive variability implies the uncertainty in cognitive change within an individual’s life course

that cannot be explained by the aging process. It reflects the substantial heterogeneity in the

pattern of cognitive trajectory in the population that is beyond the normally studied between-

person variation in the age trajectory of CF. Therefore, it is important to consider within-per-

son non-age-related cognitive variability in addition to between-person variation in the level

and age slope of CF in order to obtain a complete picture of CF trajectories in the population.

In this study, we used large nationally representative longitudinal data with a long follow-

up period and a broad range of factors to determine essential contributors to CF trajectories

(level, age- and non-age-related slope). Different from prior studies that have focused on a

small number of predictors and the causal pathway among these predictors, we took a step

back and investigated a wide range of factors and their relative contributions to the CF trajec-

tories. These analyses can avoid mixed findings due to different datasets, account for the inter-

correlations among the predictors, and effectively estimate both the statistical significance and

the substantive contribution of these predictors. More specifically, we used the U.S. Health

and Retirement Study (HRS) with 20 years of follow-up to model the pattern and heterogene-

ity of CF trajectories and estimated a wide range of potential predictors, that included child-

hood conditions (childhood health, nutrition, financial situation, and parental education),

adult socioeconomic status (education, occupation, household wealth, and household

income), psychosocial factors (current marital status, marital history, children, religion, and

depression), physical status (activity limitations, and chronic diseases), and bio-behavioral fac-

tors (body mass index (BMI), smoking status, and vigorous activity).

Materials and methods

Data and participants

We used data from the initial HRS cohort (born 1931–1941) from the years 1996 to 2016. The

HRS is a multi-cohort study conducted by the Institute for Social Research at the University of

Michigan and primarily sponsored by the National Institute on Aging. It is a nationally repre-

sentative, biennial, longitudinal survey of persons ages 51 or older since 1992. Refreshment

cohorts of ages 51–56 enter the survey every six years. The first two waves were not used

because they employed different cognition measurements. The refreshment cohorts were not

used because they were relatively young and had limited observations of CF with which to

model the entire trajectory above age 50. We focused on the initial cohort who were 54–65

years old (mean age 59, SD = 3.2) in 1996 and aged to 74–85 (mean age 79, SD = 3.1) in 2016,

which enabled us to model the CF trajectory from age 54 to age 85. We made use of imputed

cognitive measures provided by HRS [45]. Raw data were not used because they missed a large

number of respondents with dementia. Our original sample included 9,568 individuals ages 54

or older and 74,087 observations from 1996 to 2016. Dropping missing data on cognitive func-

tioning (interviews completed by proxy respondents were excluded because they did not take a

cognitive test) left 9,256 individuals with 68,898 observations. Dropping individuals with miss-

ing data on the explanatory variables, we reached a final sample size of 7,068 individuals with

54,400 observations. Supporting Information 1 in S1 File shows the flowchart of the study sam-

ple. The sample included does not display a significant difference in the observed characteris-

tics from those excluded. All relevant data are publicly available from the OSF repository

(https://osf.io/em7kj/).
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Measures

Table 1 shows the detailed descriptive statistics of the sample based on all the observations

(54,400 observations) from 1996 to 2016. CF was measured as a summary score on a 27-point

cognitive battery of items: immediate and delayed word recall scores (0–20 points), a serial sev-

ens subtraction test score (0–5 points), and backward counting from 20 (0–2 points). The sum-

mary cognition score ranged from 0 to 27. A greater number of points reflected better CF.

Q-Q plots found this variable had a normal distribution with thin tails. In some analyses, we

used the Langa-Weir specification to operationalize three cognition statuses: a total CF score

of 0–6 points is labeled as “demented,” 7–11 as “cognitively impaired but not demented

(CIND),” and 12–27 as “normal” [46]. This dementia classification has been verified by a clini-

cally evaluated neuropsychological examination on a subsample of the HRS called the Aging

Demographics and Memory Study [46].

HRS data have very rich information on childhood conditions, and adulthood socioeconomic,

psychosocial, physical, and bio-behavioral factors, which enabled us to conduct a comprehensive

examination of the relative contribution of life course factors to the intercept and slope of CF.

Childhood conditions included childhood health, nutrition, financial situation, and parental edu-

cation. Childhood health was the respondent’s self-rated health while he or she was growing up,

which was reported on a 5-point scale: 1 (poor), 2 (fair), 3 (above average), 4 (very good), or 5

(excellent). We used adult height as a marker of a child’s early environment. The association

between height at age 3 and height in adulthood is strong, so adult height provides a good marker

of one’s early life nutrition and health environment [47]. Respondents reported their heights in

Waves 1 and 2. Respondents who were not surveyed in Waves 1 and 2 reported their heights

when they were first interviewed. Even though height might shrink in older ages, the respondents

were still relatively young when they were first interviewed, and self-reports of height may be less

likely to reflect age-related shrinkage than measured height [47]. Childhood financial situation

was assessed on a 3-point scale: 1 (poor), 2 (about average), or 3 (pretty well off). Parental educa-

tion was the mother’s or father’s number of years of education, whichever is greater.

Adult socioeconomic conditions included education, occupation, household wealth, and

household income. Adulthood education was measured as either years of education or the

highest degree attained. Occupation was the job with the longest reported tenure, which was

further categorized as white-collar or blue-collar. Household wealth was the sum of both finan-

cial and nonfinancial assets (e.g., homes, vehicles, stocks) minus the sum of all debts (e.g.,

mortgages). Household income was the sum of respondent and spouse earnings, pensions,

annuities, Social Security retirement benefits, and any other income in the calendar year prior

to the interview. Both household wealth and income were adjusted for household size by divid-

ing them by the square root of the number of individuals in the household. For missing values

of wealth and income, we used the imputed values provided by Rand [48]. We created three

categories based on quartiles of household wealth or income in each wave to reflect one’s rela-

tive rank within the population: 1 (below 25%), 2 (25%-75%), and 3 (above 75%). Wealth was a

particularly important indicator of the financial situation in the population we examined

because they were beginning to transition to retirement when they depended much more on

accumulated assets than income.

Psychosocial factors included current marital status, number of marriages, number of living

children, religious preference, and the Center for Epidemiologic Studies Depression (CESD).

CESD was a summary score of eight measures: felt depressed, everything was an effort, sleep

was restless, was happy, felt lonely, sad, could not get going, and enjoyed life. Each measure

was a yes/no indicator of the respondent’s feelings much of the time over the week prior to the

interview. CESD score ranged from 0 to 8.
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Table 1. Descriptive statistics of sample (54,400 observations).

Variable Description n Mean (SD) or

Prop.

Cognition score Summary scores of immediate and delayed word recall scores (0–20 points), a serial sevens subtraction test score

(0–5 points), and backwards counting from 20 (0–2 points). The summary cognition score ranges from 0 to 27.

54,400 15.67 (4.37)

Age Age at interview 54,400 67.98 (6.80)

Male Sex 54,400 44.51%

Race/Ethnicity Race / ethnicity: with Hispanic origin 54,400

Non-Hispanic White 75.51%

Non-Hispanic Black 14.53%

Hispanic 8.03%

Other 1.93%

Childhood Conditions

Childhood health Self-rated health while the respondent was growing up, before age 16. 54,400

Poor 1.42%

Fair 4.89%

Above average 17.40%

Very good 25.03%

Excellent 51.26%

Height in inches First reported adult height, as a proxy for childhood nutrition 54,400 66.87 (3.94)

Childhood finance Self-rated family financial situation while the respondents were growing up, before age 16 54,400

Pretty well off 5.63%

About average 63.88%

Poor 30.49%

Parental education Mother’s or father’s number of years of education, whichever are larger 54,400 10.23 (3.63)

Variable Description n Mean (SD) or

Prop.

Adult Socioeconomic Status

Education Years of education 54,400 12.63 (3.00)

College degree Whether the respondent has a college degree (1 = yes) 54,400 21.99%

Occupation Occupation for job with longest reported tenure 54,400

White collar 36.47%

Blue collar 63.53%

Household income Total household income for the last calendar year. It is the sum of respondent and spouse earnings, pensions and

annuities, SSI and Social Security Disability, Social Security retirement, unemployment and workers compensation,

other government transfers, household capital income and other income. It is adjusted for household size by

dividing by the square root of the number of people in the household.

54,400

Below 25% 20.35%

25–75% 55.11%

Above 75% 24.54%

Household wealth Total of all assets, including residence, net value of real estate, vehicles, businesses, individual retirement accounts,

Keogh accounts, stocks, mutual funds, investment trusts, checking, savings, money market accounts, certificates of

deposit, government savings bonds, treasury bills, bonds, and bond funds, and all other savings, less sum of all

mortgages, other home loans, and other debt. It is adjusted for household size by dividing by the square root of the

number of people in the household.

54,400

Below 25% 19.04%

25–75% 51.41%

Above 75% 29.56%

Variable Description n Mean (SD) or

Prop.

Adult Psychosocial Factors

(Continued)
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Table 1. (Continued)

Current marital status Current marital status: with partnership 54,400

Married 64.63%

Partnered 2.65%

Separated or

divorced

12.59%

Widowed 16.79%

Never married 3.33%

Number of marriages Marital history: number of marriages 54,400

0 3.36%

1 67.21%

2 22.33%

3 5.32%

4+ 1.78%

Number of children Number of living children 54,400 3.38 (2.09)

Religion Religious preference 54,400

Protestant 66.43%

Catholic 26.99%

Jewish 1.67%

None 4.28%

Other 0.63%

CESD Summary score of eight measures: felt depressed, everything was an effort, sleep was restless, was happy, felt lonely,

sad, could not get going, and enjoyed life. Each measure is a yes/no indicator of the respondent’s feelings much of

the time over the week prior to the interview. CESD score ranges from 0 to 8.

54,400 1.29 (1.84)

Variable Description n Mean (SD) or

Prop.

Adult Bio-behaviors and Diseases

Body Mass Index

(BMI)

54,400

Underweight BMI<18.5 1.22%

Normal weight 18.5< = BMI<25 29.17%

Overweight 25< = BMI<30 39.99%

Obese I 30< = BMI<35 20.28%

Obese II/III BMI> = 35 9.34%

Ever smoker Has the respondent ever smoked cigarettes? 54,400 60.60%

Current smoker Does the respondent smoke cigarettes now? 54,400 13.74%

Vigorous Activity Vigorous physical activity or sports at least once per week. 54,400 40.25%

Number of chronic

diseases

Summary score of ever having the following chronic diseases: psychiatric problem, stroke, heart disease, high blood

pressure, diabetes, lung disease, cancer, and arthritis.

54,400 1.99 (1.42)

High blood pressure Ever had high blood pressure 55.21%

Diabetes Ever had diabetes 19.58%

Lung disease Ever had lung disease 9.26%

Heart disease Ever had heart problems 23.04%

Stroke Ever had stroke 6.70%

Psychiatric problem Ever had psychiatric problems 11.40%

Cancer Ever had cancer 14.36%

Arthritis Ever had arthritis 58.97%

ADL Activities of daily living that the subject cannot do or has difficulty doing: bathing, eating, dressing, walking across

a room, and getting in or out of bed

54,400 0.23 (0.72)

IADL Instrumental activities of daily living that the subject cannot do or has difficulty doing: using a telephone, taking

medication, handling money, shopping, preparing meals

54,400 0.16 (0.58)

https://doi.org/10.1371/journal.pone.0281139.t001
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Physical status included activities of daily living (ADL) that the subject could not do or had

difficulty doing, instrumental activities of daily living (IADL) that the subject could not do or

had difficulty doing, and the number of chronic diseases. ADL included bathing, eating, dress-

ing, walking across a room, and getting in or out of bed. IADL included using a telephone, tak-

ing medication, handling money, shopping, and preparing meals. The number of chronic

diseases was a summary score of ever having psychiatric problems (emotional, nervous, or psy-

chiatric problems), stroke, heart disease, high blood pressure, diabetes, lung disease, cancer,

and arthritis. We examined the contributions of both the number of chronic diseases and each

individual disease to the CF trajectory.

Bio-behavioral factors included BMI, smoking status, and vigorous activity. BMI consisted

of five categories: underweight (BMI<18.5), normal weight (18.5< = BMI<25), overweight

(25< = BMI<30), obese I (30< = BMI<35), and obese II/III (BMI> = 35). Smoking status

included current smoker and former smoker with never smoker as the reference group. Vigor-

ous activity was a binary indicator for whether the respondent engaged in vigorous physical

activities or a sport at least once per week.

Statistical analysis

We used multilevel growth curve models to estimate the intercept and slope of CF over ages

54–85. CF was normally distributed with thin tails, which met the assumption of the growth

models. Multilevel growth models can easily consider the heterogeneity in individual develop-

mental trajectories, including age- and non-age-related slope of change, estimate the relative

contribution of each factor to the variation in both the level and slope of CF, accommodate

unbalanced panel design, and are generally more efficient than fixed effect models [49]. All

models were random-intercept and random-slope models with an unstructured variance-

covariance and were estimated using maximum likelihood. The unconditional mean model

setup was specified as:

Yit ¼ b0 þ W0i þ εit;

W0i � Nð0; s2

0
Þ; εit � Nð0; s2

�
Þ

where Yit was individual i’s CF at age t, β0 was the grand mean across individuals and times, ϑ0i

was a random intercept (i.e., person-specific means), and εit was the error term (i.e., within-

person deviations). Variance components yielded information about between-person residual

variance in intercept s2
0

and within-person residual variance s2
�
. Intraclass correlation

(r ¼
s2

0

s2
0
þs2

�
) compared the relative magnitude of these variance components by estimating the

proportion of total variation in CF that lied “between” individuals. Adding age to this model,

we got the unconditional growth model:

Yit ¼ b0 þ b1Ageit þ b2AgeSqit þ W0i þ W1iAgeit þ εit;

W0i � Nð0; s2

0
Þ; W1i � Nð0; s2

1
Þ; εit � Nð0; s2

�
Þ

Ageit was the time metric. A quadratic function of age was included to model the possible

accelerating declining pattern of CF in older ages. Age was centered at 54 so that the intercept

β0 indicated the level of CF at initial age 54, and the slope β1 and β2 referred to the trajectory

after age 54. ϑ1i was a random slope. Variance component s2
0

indicated the between-person

residual variance in initial status (age 54); s2
1

indicated the between-person residual variance in

the rate of change (i.e., age slope); and s2
�

indicated the within-person residual variance.
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Proportional reduction in s2
�

from unconditional mean model to unconditional growth model

indicated the percentage of within-person variation in CF associated with age. The unex-

plained was the within-person non-age-related variation in CF. We focused on explaining the

between-person residual variance in intercept (s2
0
) and slope (s2

1
) by adding time-fixed early

life conditions and baseline adulthood factors and their interactions with age to the uncondi-

tional growth model. Proportional reduction in variance components s2
0

and slope s2
1

indi-

cated the percentage of between-person variation in CF at age 54 and the age slope of CF after

age 54 associated with the predictors. We further examined the contribution of time-varying

adulthood factors (socioeconomic, psychosocial, physical, and bio-behavioral) to within-per-

son residual variance s2
�

by adding them to the unconditional growth model.

In the preceding steps, we focused on disentangling the contributions of risk and protective

factors to the intercept and slope (age- and non-age-related) of CF. We further explored how

CF trajectories might depend on baseline cognition and dementia status. We re-estimated the

unconditional growth model removing the first observation (i.e., baseline cognition) for each

individual, and then adding baseline CF or dementia status and their interactions with age to

determine how much they might explain the new intercept and slope of CF. These analyses

revealed how much CF trajectories might differ by individuals with different levels of cogni-

tion and different statuses of cognition (normal, CIND, demented). We used SAS proc mixed

package to estimate multilevel growth models of CF trajectory over ages. Supporting Informa-

tion 2 in S1 File provides the syntax for these statistical analyses.

Results

Fig 1 shows the empirical pattern and two different model fits of CF trajectory in ages 54–85.

The linear model fit did not accurately capture the trajectory before age 60 and after age 80.

Instead, a quadratic function of age aligned very closely with the empirical pattern. We further

estimated multilevel growth models with a linear function of age and a quadratic function of

age and found Bayesian information criterion (BIC) for the linear model was 280,417, bigger

than 280,179 for the quadratic model. Therefore, we used a quadratic function of age to model

the age slope of the CF trajectory in this sample. We also tried a polynomial with higher levels

(e.g., cubic), which, however, was not significant and did not improve the model fit.

Between-person variation in intercept and age slope of CF

Table 2 presents the fixed effect estimates and variance component from 33 multilevel linear

growth models, where both linear and quadratic function of age were included. To simplify

the presentation, the estimates of the quadratic function of age were not reported, and statisti-

cally non-significant coefficients were omitted from the table. Supporting Information 3 in S1

File shows all the coefficient estimates. Model (1) is the unconditional mean model. Intraclass

correlation (r ¼
s2

0

s2
0
þs2

�
) was 0.55, which meant an estimated 55% of the total variation in CF

was attributable to differences between individuals. Model (2) is the unconditional growth

model. Age was centered at age 54 so the intercept β0 indicated that the level of CF at the initial

age of 54 was 17.383. Between-person residual variance in intercept was 13.301 and between-

person residual variance in slope was 0.0179. It seems there was much more variation in inter-

cept than slope. Since their means were different, we constructed coefficients of relative varia-

tion by dividing residual variance by their corresponding mean, which was 0.765 (= 13.301/

17.383) for intercept and 0.263 (= 0.0179/0.068) for slope. So, the variation in intercept was

about 3 times as large as the variation in slope. Within-person residual variance decreased

from 8.946 in Model (1) to 6.866 in Model (2), which indicated that age explained 23% of
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within-person variation in CF. The unexplained was the non-age-related within-person

change in CF.

In the subsequent models, we added each baseline predictor and its interaction with age to

achieve the fixed effect estimates of their relationship with the intercept and slope of CF and

the random effect estimate of between-person residual variance in intercept and slope. Non-

significant coefficient estimates related to either intercept or slope were not reported. We pre-

sented each predictor in one row, following the order of demographic characteristics, child-

hood conditions, adulthood socioeconomic status, psychosocial factors, bio-behaviors, and

diseases. Men had 1.145 units less than women in CF at age 54 but had a slower rate of decline

afterward than women. Non-whites had lower CF at age 54 than Whites, and Blacks had a

steeper decline in CF than Whites. Better childhood conditions (including childhood health,

financial situation, and parental education) predicted higher CF at age 54 but not the age slope

of CF. Higher adult height (a proxy for childhood nutrition environment) was associated with

a slower decline in CF after age 54.

Fig 1. Means of cognitive functioning over ages at cohort level.

https://doi.org/10.1371/journal.pone.0281139.g001
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Table 2. Baseline predictors of intercepts and slopes of change of cognitive functioning from multilevel linear growth models, health retirement study, 1996–2016.

Modela Fixed effects Between-person residual

variance in intercept σ2
0

Between-person residual

variance in slope σ2
1

Within-person residual

variance σ2
�

BIC

Intercept Slopeb

(1) Unconditional mean model 15.520

(0.042)���
10.903 (0.212)��� 8.946 (0.058)��� 289334

(2) Unconditional growth

model

17.383

(0.070)���
-0.068

(0.008)���
13.301 (0.346)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280179

Demographic Characteristics

(3) Men -1.145

(0.106)���
0.024

(0.005)���
13.034 (0.340)��� 0.0178 (0.001)��� 6.865 (0.048)��� 280076

(4) Race (ref = White) 11.697 (0.317)��� 0.0177 (0.001)��� 6.870 (0.048)��� 279064

Black -2.932

(0.144)���
-0.033

(0.008)���

Hispanic -3.097

(0.187)���

Others -1.484

(0.366)���

Childhood Conditions

(5) Childhood health

(ref = excellent)

13.040 (0.342)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280035

Very good -0.468

(0.129)���

Above average -1.343

(0.146)���

Fair -0.905

(0.250)���

Poor -1.770

(0.456)���

(6) Adult height 0.070

(0.027)��
13.309 (0.346)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280176

(7) Childhood finance

(ref = pretty well off)

13.121 (0.343)��� 0.0179 (0.001)��� 6.867 (0.048)��� 280093

About average -0.865

(0.230)���

Poor -1.605

(0.240)���

(8) Parental education 0.321

(0.014)���
11.895 (0.322)��� 0.0178 (0.001)��� 6.872 (0.048)��� 279377

Adult Socioeconomic Status

(9) Years of education 0.601

(0.016)���
9.944 (0.285)��� 0.0176 (0.001)��� 6.876 (0.048)��� 277955

(10) College degree 2.542

(0.128)���
0.020

(0.006��
12.231 (0.335)��� 0.0177 (0.001)��� 6.872 (0.048)��� 279430

(11) Occupation (ref = Blue

collar)

2.272

(0.108)���
0.018

(0.006��
12.116 (0.325)��� 0.0177 (0.001)��� 6.869 (0.048)��� 279347

(12) Household income

(ref = bottom 25%)

11.791 (0.318)��� 0.0176 (0.001)��� 6.863 (0.048)��� 279208

25%-75% 2.269

(0.152)���

75%+ 3.623

(0.158)���
0.019

(0.009)�

(13) Household wealth

(ref = bottom 25%)

11.818 (0.319)��� 0.0178 (0.001)��� 6.863 (0.048)��� 279227

25%-75% 2.086

(0.131)���

(Continued)
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Table 2. (Continued)

Modela Fixed effects Between-person residual

variance in intercept σ2
0

Between-person residual

variance in slope σ2
1

Within-person residual

variance σ2
�

BIC

Intercept Slopeb

75%+ 3.405

(0.147)���
0.019

(0.008)�

Adult Psychosocial Factors

(14) Marital status

(ref = married)

13.223 (0.344)��� 0.0178 (0.001)��� 6.866 (0.048)��� 280131

Partnered -0.678

(0.296)�

Separated/divorced -0.561

(0.156)���

Widowed -0.623

(0.199)��
-0.022

(0.015)�

Never married -0.584

(0.299)�

(15) Number of marriages

(ref = 1)

13.294 (0.346)��� 0.0179 (0.001)��� 6.867 (0.048)��� 280187

0 -0.569

(0.290)�

2

3

4+

(16) Number of living children -0.193

(0.026)���
13.154 (0.343)��� 0.0180 (0.001)��� 6.866 (0.048)��� 280107

(17) Religion (ref = none) 13.275 (0.346)��� 0.0178 (0.001)��� 6.867 (0.048)��� 280134

Protestant -0.031

(0.014)�

Catholic

Jewish

Other -0.091

(0.036)�

(18) CESD -0.500

(0.029)���
-0.004

(0.002)�
12.416 (0.331)��� 0.0179 (0.001)��� 6.867 (0.048)��� 279635

Adult Bio-behaviors and Diseases

(19) BMI category (ref = normal

weight)

13.232 (0.345)��� 0.0179 (0.001)��� 6.867 (0.048)��� 280120

Underweight

Overweight -0.455

(0.126)���

Class I obese -0.616

(0.155)���

Class II/III obese -0.922

(0.218)���
-0.034

(0.011)��

(20) Smoking status (ref = never

smoker)

13.230 (0.344)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280128

Former smoker -0.256

(0.120)�

Current smoker -0.431

(0.143)��
-0.024

(0.008)��

(21) Vigorous activity 0.420

(0.107)���
13.264 (0.345)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280166

(22) Number of chronic diseases -0.490

(0.045)���
-0.010

(0.002)���
12.936 (0.338)��� 0.0179 (0.001)��� 6.863 (0.048)��� 279883

(Continued)
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Better adulthood socioeconomic status (including education, occupation, income, and

wealth) was associated with better CF at age 54 and a slower decline afterwards, consistent

with the “cumulative (dis)advantage” theory. One particularly interesting finding is years of

education was not significantly associated with the age slope of CF but those with a college

degree had a slower decline of CF than those without. Unmarried status was associated with

worse CF and widowhood led to a steeper decline in CF than being married. A larger number

of children led to a lower level of CF at age 54 but did not influence the age slope of CF. Protes-

tant faith was associated with a steeper decline in CF than those without religious affiliations.

CESD (an index of depression) predicted both a lower intercept and a steeper decline in CF.

Unhealthy bio-behaviors (morbid obesity and smoking) were linked to both a lower CF

and a steeper age slope of CF decline. Vigorous activity improved the level of CF but did not

alter the age slope. Chronic diseases in terms of both quantity and specificity negatively

affected CF. Diabetes, heart diseases, and psychiatric problems further aggravated the decline

in CF. Cancer, surprisingly, was positively associated with the level of CF. Activities limitations

(ADL, IADL) decreased the level of CF and/or steepened the decline in CF.

How much do these factors contribute to the variation in the intercept (age 54) and age

slope? We calculated the percentage change in between-person residual variance in intercept

Table 2. (Continued)

Modela Fixed effects Between-person residual

variance in intercept σ2
0

Between-person residual

variance in slope σ2
1

Within-person residual

variance σ2
�

BIC

Intercept Slopeb

(23) High blood pressure -0.895

(0.110)���
13.124 (0.342)��� 0.0179 (0.001)��� 6.865 (0.048)��� 280063

(24) Diabetes -1.275

(0.174)���
-0.040

(0.010)���
13.101 (0.342)��� 0.0178 (0.001)��� 6.864 (0.048)��� 279998

(25) Lung disease -0.744

(0.249)��
13.278 (0.345)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280174

(26) Heart disease -0.475

(0.165)��
-0.017

(0.009)�
13.271 (0.345)��� 0.0179 (0.001)��� 6.865 (0.048)��� 280156

(27) Stroke -2.144

(0.321)���
13.153 (0.343)��� 0.0179 (0.001)��� 6.865 (0.048)��� 280075

(28) Psychiatric problems -1.537

(0.202)���
-0.025

(0.011)�
13.125 (0.342)��� 0.0179 (0.001)��� 6.865 (0.048)��� 280051

(29) Cancer 0.635

(0.221)��
13.284 (0.346)��� 0.0179 (0.001)��� 6.866 (0.048)��� 280178

(30) Arthritis -0.584

(0.108)���
13.218 (0.344)��� 0.0179 (0.001)��� 6.867 (0.048)��� 280121

(31) ADL -0.963

(0.086)���
-0.011

(0.005)�
12.857 (0.338)��� 0.0178 (0.001)��� 6.861 (0.048)��� 279921

(32) IADL -1.574

(0.114)���
12.665 (0.334)��� 0.0178 (0.001)��� 6.861 (0.048)��� 279874

All Factors

(33) All factors 8.273 (0.254)��� 0.0169 (0.001)��� 6.871 (0.048)��� 276537

Sample size (number of observations): 7,068 individuals (54,400 observations)

Note
a To make the table more readable, statistically non-significant coefficients are omitted from the table.
b A quadratic function of age is included in the models. Constrained by the page size, it is omitted from the table.

�p< .05

��p< .01

���p< .001

https://doi.org/10.1371/journal.pone.0281139.t002

PLOS ONE Predictors of cognitive functioning trajectories among older Americans

PLOS ONE | https://doi.org/10.1371/journal.pone.0281139 February 8, 2023 12 / 22

https://doi.org/10.1371/journal.pone.0281139.t002
https://doi.org/10.1371/journal.pone.0281139


and slope from unconditional growth Model (2) to subsequent models and displayed these

percentage changes in Fig 2 (intercept) and Fig 3 (slope). The predictors were ordered by the

magnitude of change in residual variance due to their inclusion. As Fig 2 shows, all the individ-

ual socioeconomic, psychosocial and biobehavioral factors explained 38% of the variation in

intercept (age 54) (Model 33 vs. Model 2). Among these factors, education was most important

(25%), followed by race, household wealth and income, parental education, occupation, and

depression. The contributions of activity limitations, chronic diseases, health behaviors (obe-

sity, smoking, vigorous activity), childhood conditions (except parental education), gender,

marital status, and religion were rather small (<5%). Even though the age slope varied by

some factors (e.g., adulthood socioeconomic status, health behaviors, and physical status), all

these factors only explained 5.6% of the variation in slope (Model 33 vs. Model 2) as shown in

Fig 3. The most important observed contributor to the intercept, education, only explained

1.7% of the variation in age slope (Model 9 vs. Model 2).

Next, we investigated whether baseline cognition at the year 1996 explained the variation in

intercept and age slope of CF by re-estimating CF trajectory from 1998 to 2016 and including

baseline cognition in the model. Age was centered at 56 (2 years after 1996), so the intercept β0

indicated the level of CF at age 56. As shown in Table 3, baseline dementia and CIND were

Fig 2. Percentage changes in between-person residual variance in intercept from unconditional growth model to subsequent models of Table 2.

https://doi.org/10.1371/journal.pone.0281139.g002
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associated with lower CF. But surprisingly, they were also associated with a less steep decline

in CF compared to the baseline normal cognition status (Model 2). Similarly, a higher baseline

cognition score was associated with a steeper age slope of CF (Model 3). Baseline cognition

explained 54% of the variation in intercept (age 56) (Model 3 vs. Model 1) but only 4% of the

variation in age slope (Model 3 vs. Model 1).

Within-person non-age-related variability of CF

In order to test what contributed to the within-person non-age-related variability of CF, we

added time-varying predictors to the unconditional growth model. These predictors included

time-varying adulthood factors (socioeconomic, psychosocial, physical, and bio-behavioral)

and excluded gender, race, time-constant early life, and adulthood conditions (e.g., education).

Table 4 shows the within-person residual variance from 22 models. Model 1 was the uncondi-

tional growth model, the same model as Model 2 in Table 2. Since age and age squared were

included in the model, the within-personal residual variance indicated the non-age-related

change in CF. The subsequent models added the aforementioned time-varying predictors. But

adding them had little impact on the within-person residual variance. In other words, these

factors did not really explain the non-age-related variability in CF within individuals.

Fig 3. Percentage changes in between-person residual variance in slope from unconditional growth model to subsequent models of Table 2.

https://doi.org/10.1371/journal.pone.0281139.g003
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Table 3. Parameter estimates from multilevel linear growth models of cognitive functioning trajectory on baseline cognition score and dementia status, health

retirement study, 1998–2016.

Model Fixed effects Between-person residual

variance in intercept σ2
0

Between-person residual

variance in slope σ2
1

Within-person

residual variance σ2
�

BIC

Intercept Linear slope Quadratic

slope

(1) Unconditional growth

model

17.433

(0.074)���
-0.102

(0.009)���
-0.004

(0.000)���
13.334 (0.371)��� 0.0208 (0.001)��� 6.748 (0.051)��� 244125

(2) Baseline dementia

(ref = normal)

9.494 (0.295)��� 0.0205 (0.001)��� 6.750 (0.051)��� 241908

CIND -5.635

(0.176)���
0.022

(0.011)�

Dementia -9.814

(0.462)���
0.091

(0.029)��

(3) Baseline cognition 0.632

(0.011)���
-0.004

(0.001)���
6.154 (0.233)��� 0.0200 (0.001)��� 6.766 (0.051)��� 239646

Sample size (number of observations): 6,822 individuals (47,332 observations)

Note

�p< .05

��p< .01

���p< .001

https://doi.org/10.1371/journal.pone.0281139.t003

Table 4. Time-varying predictors of within-person change of cognitive functioning from multilevel linear growth

models, health retirement study, 1996–2016.

Model Within-person residual variance σ2
�

BIC

(1) Unconditional growth model 6.866 (0.048)��� 280179

(2) Household income 6.892 (0.048)��� 279894

(3) Household wealth 6.902 (0.048)��� 279760

(4) Marital status 6.864 (0.048)��� 280159

(5) Number of marriages 6.861 (0.048)��� 280172

(6) Number of living children 6.865 (0.048)��� 280140

(7) CESD 6.873 (0.048)��� 279945

(8) BMI category 6.860 (0.048)��� 280173

(9) Smoking status 6.862 (0.048)��� 280160

(10) Vigorous activity 6.865 (0.048)��� 280148

(11) Number of chronic diseases 6.865 (0.048)��� 279973

(12) High blood pressure 6.863 (0.048)��� 280129

(13) Diabetes 6.869 (0.048)��� 280135

(14) Lung disease 6.863 (0.048)��� 280175

(15) Heart disease 6.860 (0.048)��� 280152

(16) Stroke 6.861 (0.048)��� 280003

(17) Psychiatric problems 6.867 (0.048)��� 280060

(18) Cancer 6.862 (0.048)��� 280182

(19) Arthritis 6.862 (0.048)��� 280173

(20) ADL 6.864 (0.048)��� 279884

(21) IADL 6.859 (0.048)��� 279568

(22) All factors 6.900 (0.048)��� 278713

Sample size (number of observations): 7,068 individuals (54,400 observations)

Note

���p< .001

https://doi.org/10.1371/journal.pone.0281139.t004
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Discussion

This study models cognitive trajectories in individuals ages 54–85 and investigates the contri-

bution of a wide range of factors over the life course to CF trajectories using HRS data from

the years 1996–2016. We investigated not only the level and age-related slope of CF like many

prior studies, but also the non-age-related slope of change seldom examined before. We found

that the population was more dissimilar in the level rather than the age slope of CF. The varia-

tion in level was about three times as large as the variation in age slope. In addition, age only

explained 23% of the within-person variation in CF from age 54 to 85. The remaining 77% of

the within-person variation could not be explained by age.

We further found that all the observed factors accounted for 38% of the variation in the level of

CF at age 54, among which individual socioeconomic status (e.g., education, income, wealth,

occupation, race, parental education) mattered most, while early life conditions (except parental

education), health behaviors (obesity, smoking, vigorous activity), activity limitations, and diseases

did not make much of a contribution. This does not mean that they were not statistically signifi-

cantly associated with the level of CF. In fact, many of them were. It means that their contribu-

tions to the variation in the level of CF at the population level were rather small. These findings

point to the predominant importance of socioeconomic conditions in shaping the level of CF.

CF followed an accelerating decline in older ages at the cohort level. The age slope did not

vary by most early life conditions, which is consistent with some prior studies [13, 39, 40, 43,

44] but incongruent with the “cumulative (dis)advantage” theory. However, as explained ear-

lier, most early life conditions (except parental education) were not important contributors to

the level of CF in later life either. The age-related change of CF did vary by some adulthood

socioeconomic, psychosocial, and health factors in a direction expected by the “cumulative

(dis)advantage” theory. For example, the slope of decline in CF was less steep among individu-

als with higher education, income, and wealth, but steeper among individuals with depression,

unhealthy behaviors (smoking, obesity), cardiovascular diseases risk factors, and activity limi-

tations. The findings regarding depression, smoking, and physical health are consistent with

prior studies [15–18, 25]. The findings regarding socioeconomic status, however, are inconsis-

tent with some prior studies [41, 42]. Those studies might be unable to identify the age-varying

effects of these predictors due to a narrow age cohort or small sample size [13].

One particularly interesting finding is that education (in years) was not associated with the

age slope of CF, but a college degree was. The null finding for years of education is consistent

with some studies [40, 50], but the significant finding for college degree supports the “cognitive

reserve” hypothesis [38], which claims that cognitive reserve capacity may delay the manifesta-

tion of neuropathology that occurs as a result of aging-related or pathologic processes [37].

These discrepancies emphasize the importance of differentiation between years of education

and education degrees. Prior studies found that the relationship between education and health

was not linear. Instead, there was a step-change reduction in mortality risk upon attainment of

a high school diploma, at which point mortality risk continued declining linearly with years of

higher education but at a faster rate [51]. This pattern was consistent with a less steep decline

in CF associated with college degree found in our study. College may provide an especially

rich environment for cognitive development beyond pre-college education. College education

also increases one’s life expectations and incentives to engage in healthier behaviors, leads to

occupations with more mental stimulations, and is very consequential for one’s income and

higher quality of social connections who have greater formal education [52–54], all of which

can contribute to a slower decline of CF in later life.

Despite the statistically significant association with age slope, all the controlled factors only

explained 5.6% of the variation in age slope at the population level. Education, the most
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important observed contributor to the level of CF, only explained 1.7% of the variation in age

slope. Therefore, the majority of variation in age slope was not explained. Prior studies empha-

size the importance of education in shaping the period trend in the dementia prevalence [55,

56]. It merits further investigation on whether education explains the age-related progression

of dementia over time. Moreover, we found all the observed individual socioeconomic indica-

tors, bio-behaviors, and physical health measures could not explain the within-person non-

age-related variability in CF from age 54 to 85.

These findings raise the importance of distinguishing between statistical significance and

substantive contribution. Although many factors are statistically associated with the level and

slope of CF, their contributions to the population variation, especially the slope, are rather

small. Future research is urgently needed to discover the main determinants of the slope of

decline to slow down the progression of cognitive impairment and dementia. Unfortunately,

the determinants examined in this study have a very minor impact on either the age slope or

non-age-related change of CF.

We did supplemental analyses to assess the sensitivity of the results to the exclusion of

proxy respondents by examining the trajectory in cognitive limitation (CL), a measure devel-

oped by Langa and Weir [46]. In the Langa-Weir specification, a total CF score of 0–6 points

was labeled as “demented,” 7–11 as “CIND,” and 12–27 as “normal.” We created an indicator

“cognitive limitation” by assigning 1 if the total score was 0–11, and 0 otherwise [57]. CL

among sample persons with proxies was based on the sum of three variables: proxy’s assess-

ment of memory ranging from excellent (0) to poor (4; range 0–4), number of five IADLs that

a sample subject could not do or had difficulty doing (score 0–5), and the interviewer’s assess-

ment of difficulty in completing the interview because of the subject’s CLs (score of 0 = none,

1 = some, and 2 = prevents completion). A summary score of 0–2 was classified as normal cog-

nition, and 3–11 as CL [46]. Overall, the findings were not qualitatively different from those

based on CF.

There are limitations in our analysis. First, we used the HRS cognitive test score as a mea-

surement of cognitive functioning. We found that a higher baseline cognition was associated

with a steeper decline in CF (Table 3, Model 2 and 3), which was probably due to the floor

effect. For those with low baseline CF or dementia, there is not much room to obtain a lower

cognition test score, and this may have caused the rate of decline to be smaller for these indi-

viduals compared to those with a high baseline CF or without dementia. But this may also

reflect the “law of initial value,” whereby those with initially higher abilities decline faster as

there is more room for them to do so [58]. In other words, this phenomenon is not a result of

the specific CF measure we used, but due to the floor effect of the underlying level of cognition.

Nonetheless, it is important to replicate the analysis with clinical and neuropsychiatric assess-

ments of cognitive function. Second, even though HRS cognitive battery has been widely used

in many studies [55, 57, 59, 60], it has been mainly focused on memory function and lacks

other cognitive domains (e.g., processing speed and executive function). Even though the

validity of this cognitive battery has been verified by a clinically evaluated neuropsychological

examination in the Aging Demographics and Memory Study [46], it is important to replicate

the analyses on other cognitive domains when data become available. Third, even though we

examined many possible determinants of CF, we missed some core factors, e.g., APOE e4

genotype. However, our study probably included more comprehensive potential predictors

than previous studies. Future studies can build on our approach to investigate the contribution

of other possible determinants to both the level and slope (age- and non-age-related) of CF.

Fourth, even though at the cohort level, the decline in CF clearly follows a linear and qua-

dratic curve with aging, there are substantial variations at the individual level as indicated by

the between-person residual variation in age slope and within-person residual variance. Our
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analysis has not successfully identified the causes of these discrepancies. Future studies should

ascertain explanations for these discrepancies, which is the key to understanding the causes of

age and non-age-related slope of cognitive decline. Fifth, since this study is based on observa-

tional data, we should be cautious about the causal interpretation of the findings. Our goal was

not to establish causal links between the CF trajectories. Instead, we intended to identify

important correlates and their substantive contributions. Nonetheless, future studies should

use a more rigorous research design to estimate the causal effect of the identified correlates.

Carefully designed interventional studies may identify the causal effect of certain variables

(e.g., behavioral factors) in a short follow-up period, but many sociodemographic and psycho-

social variables cannot be randomly assigned, and a long follow-up period may also suffer

from non-random attrition. Therefore, observational studies like this study still provide

important insights regarding the correlation among factors.

Sixth, this study does not address the likely dynamic interactions among the predictors,

which is far beyond the scope of this paper. Our goal is just to estimate both the gross and net

relationships between these predictors and CF trajectories, accounting for other correlated fac-

tors. Seventh, like all the longitudinal data, HRS may suffer from attrition bias, due to either

mortality or non-mortality dropout. We conducted two analyses to test the attrition bias. First,

we tested whether the attrition in the next wave was associated with the cognition score in the

previous wave (conditional on the observed covariates) and found the missing mechanism fol-

lows MAR (missing at random). Second, we applied the shared parameter model of Follmann

and Wu [61] to account for the mortality selection and non-mortality dropout biases jointly,

and the major patterns were sustained, which may be because the attrition was MAR-condi-

tional on the observables. Notwithstanding, attrition is a pervasive problem in aging research

and should warrant more attention in future research.

Despite these limitations, this paper utilizes large nationally representative longitudinal

data with a long follow-up period to investigate the relative contribution of a broad range of

possible predictors to both the level and slope of CF trajectories in older ages. Due to its large

sample size and broad age cohort, it provides a more robust analysis than prior studies [13].

We not only addressed the contribution of baseline predictors to variation in the level and age

slope of CF but also tested the contribution of time-varying predictors to the variation in non-

age-related change in CF, an endeavor not undertaken in prior studies to our knowledge. We

found adulthood socioeconomic conditions played a more prominent role in shaping the level

of CF than early life conditions and adulthood health behaviors and diseases. However, all

these observed factors did not explain much of the variation in CF progression over ages at the

population level even though many of them had a statistically significant association with it.

These findings point to the importance of future research to continue discovering the essential

predictors of the rate of cognitive decline in older ages.
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