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Original Article

Over the past two decades, the life course perspec-
tive has become the dominant theoretical paradigm 
with which to understand health. Childhood social 
conditions have been central to life course health 
research as important forces shaping trajectories of 
well-being. Sociological studies of aging and the 
life course consistently show that early life circum-
stances predict the timing of chronic disease onset 
(Hayward and Gorman 2004), the accumulation of 
physical limitations (Haas 2008), and death (Montez 
and Hayward 2014).

Likewise, childhood socioeconomic status (SES) 
shapes children’s trajectories of cognitive develop-
ment and ultimately, cognitive aging (Institute of 
Medicine 2000). However, the exact pathways 
through which childhood social conditions may 
influence later life cognitive trajectories remain 
unclear. The present study utilizes a life course 
approach to examine the processes that underlie 
childhood socioeconomic influences on later life 
cognitive trajectories. Specifically, we investigate 

whether childhood SES influences the rate of cogni-
tive decline and how this association may be shaped 
by adult SES and cardiometabolic risk.

BAckgrOunD
Understanding childhood socioeconomic influences 
on later life cognitive functioning first requires 
drawing a distinction between two socioeconomic 
patterns of cognition across the life course—pre-
served differentiation and differential preservation 
(Finkel et al. 2009). Preserved differentiation refers 
to the phenomenon in which those from socioeco-
nomically disadvantaged childhoods experience 
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worse cognitive function in early life relative to 
their more advantaged peers—a gap that persists in 
similar magnitude throughout life. Alternately, dif-
ferential preservation implies that greater socioeco-
nomic resources provide recurring opportunities for 
cognitive growth and maintenance throughout the 
life course. As a result, cognitive performance 
between the more and less advantaged widens with 
age. This distinction is crucial in theoretically posi-
tioning childhood and adult SES as determinants of 
cognitive aging.

Life Course Processes and Later-Life 
Cognitive Functioning
The life course perspective provides a theoretical 
framework with which to understand the etiologic 
implications of socially embedded developmental 
and biological changes experienced by individuals 
embedded within socio-historical contexts (Elder, 
Johnson, and Crosnoe 2003). Or according to 
Bartley (2016:169), life course theory frames health 
trajectories as emerging at the “social–biological 
interface.” In the case of cognition, life course the-
ory offers three distinct yet non–mutually exclusive 
processes linking childhood and adult SES and their 
contribution to preserved differentiation and differ-
ential preservation.

The first process, critical/sensitive periods, is 
grounded in the life course principle that the conse-
quences that events/exposures/transitions have is 
contingent on their timing within the life course 
(Elder et al. 2003). Critical/sensitive periods posit 
that early childhood is a period of life characterized 
by fundamental developmental change. During this 
period, adverse exposures such as socioeconomic 
deprivation may irreversibly affect developmental 
outcomes, permanently altering the structure and 
function of important body systems (e.g., hippo-
campal size) in ways that similar exposures occur-
ring outside of this period would not (Ben-Shlomo, 
Cooper, and Kuh 2016; Cynader and Frost 1999; 
Daviglus et al. 2010). As such, a substantial “long 
arm of childhood” literature has emerged docu-
menting critical/sensitive period effects on late-life 
physical (Hayward and Gorman 2004) and cogni-
tive health (Zhang, Hayward, and Yu 2016).

As a critical period of exposure, childhood SES 
may create an initial gap in cognition between the 
more and less advantaged that persists from child-
hood onward (i.e., preserved differentiation). 
Childhood SES shapes the material and psychoso-
cial conditions under which early physical, neuro-
cognitive, and psychosocial development occurs, 

which molds the central nervous system in ways 
that are likely to persist over the life course. An 
early childhood environment unconducive to 
healthy development may result in permanent phys-
iological and neurocognitive developmental defi-
cits (Cynader and Frost 1999).

The second process focuses on the accumula-
tion of (dis)advantage across the life course. First 
used to describe scientific status hierarchies, cumu-
lative (dis)advantage emphasized the role of feed-
back loops (i.e., Merton’s Matthew effect) in which 
early advantages beget even greater advantages 
(i.e., multiplicative effects; Merton 1968). Since 
Merton, multiple conceptualizations of the cumula-
tive (dis)advantage concept have emerged in the 
sociological literature (DiPrete and Eirich 2006).

Medical sociologists have invoked the concept 
to describe socioeconomic inequalities in health 
expanding with age (Dannefer 1987; Ross and Wu 
1996). These conceptualizations have further incor-
porated the life course principle that development 
and aging are life-long processes and that adapta-
tions and outcomes can only be understood within 
the context of the cumulative history of prior expe-
rience beginning in utero (Elder et al. 2003). 
Elements consisting of that cumulative history, 
such as early exposure to health hazard, may be 
additive or multiplacative with each other, while 
healthy/risk behavior that individuals develop 
likely offsets some of those elements (Ferraro and 
Kelley-Moore 2003).

Differential preservation refers to socioeco-
nomic inequalities in cognitive functioning widen-
ing with advancing age. This pattern strongly 
implies cumulative (dis)advantage processes at 
work. Childhood socioeconomic resources improve 
early cognitive development and facilitate the 
acquisition of cognitive skills via educational 
attainment. This improves adult socioeconomic 
position via increased occupational attainment, 
which in turn provides for the buildup of cognitive 
reserve, a mental faculty that constantly mitigates 
neurological damage (Stern 2012; Whalley et al. 
2004). Thus, socioeconomically advantaged adults 
are better able to preserve their cognitive function-
ing than their less advantaged peers, creating a wid-
ening gap over time as childhood cognitive 
advantages become increasingly larger in late adult-
hood. Recent sociological work has elaborated sim-
ilar dynamic life course feedback processes in 
which childhood health acts as a determinant of 
adult socioeconomic attainment (health selection), 
which in turn shapes later life health (social causa-
tion; Haas, Glymour, and Berkman 2011).
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Critical periods highlight an independent role 
for childhood and adult SES while cumulative (dis)
advantage implies their independent (additive) or, 
in the case of Merton’s formulation, joint (multipli-
cative) effects. Conversely, the third process, the 
pathways mechanism, conceptualizes childhood 
and adult SES as forming a single chain of risk. A 
key distinction between cumulative (dis)advantage 
and pathways processes is that in the latter, child-
hood SES matters only for its role as a primary 
determinant of adult SES. The life course principle 
of linked lives provides a useful way of theorizing 
the pathways process connecting childhood SES to 
cognitive aging. Linked lives asserts that each life 
is lived embedded within a constellation of social 
relationships (Elder et al. 2003). As such, children’s 
development is intrinsically linked to their parents 
and others within their social network and shapes 
the resources, relationships, difficulties, and con-
straints they experience. Thus, social conditions in 
the parental/familial environment establish the con-
text within which cognitive and socioeconomic 
development occurs—initiating a chain of risk. For 
example, low educated parents are able to provide 
fewer opportunities for their offspring to develop 
their cognitive abilities and robust cognitive health 
(Harrison et al. 2015). As the classic Wisconsin 
social psychological model of status attainment 
demonstrates, familial resources also shape early 
life cognition while also fundamentally shaping 
socioeconomic aspirations and expectations, which 
facilitate educational and occupational attainment 
(Sewell, Haller, and Portes 1969). The material, 
psychosocial, and occupational resources that indi-
viduals gain as returns to human capital investment 
then serve as buffers against stress and cognitive 
decline. Lower occupational statuses, for instance, 
tend to involve less cognitive stimulation and 
greater stress exposure due to limited autonomy 
and control (Finkel et al. 2009).

Cardiometabolic Risk and Late-Life 
Cognitive Functioning
As cognitive trajectories unfold at the sociobiologi-
cal interface, the life course processes discussed 
previously can also help theorize the biological 
pathways connecting childhood and adult SES to 
preserved differentiation and differential preserva-
tion. Specifically, we focus on cardiometabolic risk. 
Cardiometabolic dysregulation creates “wear and 
tear” on the body, manifesting in a variety of cardio-
vascular and metabolic morbidities, including hyper-
glycemia, chronic inflammation, and atherosclerosis 

(Elovainio et al. 2011; McEwen and Stellar 1993). 
Cardiometabolic risk and hyperactivity of the 
hypothalamic-pituitary-adrenal (HPA) axis are 
known predictors of cognitive impairment (O’brien 
et al. 1996) and impair the retention of cognitive 
functioning in later life (Schmitz et al. 2018). 
Cardiometabolic risk is one of several potential bio-
logical pathways linking socioeconomic depriva-
tion and cognitive aging (Greenfield and Moorman 
2018). However, this focus is well grounded in the 
emerging literature linking childhood adversity to 
biomarkers of cardiometabolic risk in adulthood 
(Suglia et al. 2018).

As a critical/sensitive period effect, childhood 
SES may contribute to preserved differentiation via 
the alteration of cardiometabolic function. In fact, 
most early research on critical/sensitive period 
health effects examined the impact of early life 
material and nutritional deprivation on late-life car-
diometabolic outcomes (Barker 2007). This work 
documented that early life insults can “program” 
the body’s physiology in ways that elevate heart 
rate, blood pressure, blood glucose, and lipids, 
manifesting in disease decades later (Ben-Shlomo 
et al. 2016). A broad array of adverse childhood 
exposures are associated with risk of obesity, diabe-
tes, and cardiovascular disease (Hemmingsson, 
Johansson, and Reynisdottir 2014; McLaughlin 
et al. 2015). Childhood deprivation and adverse 
events have also been linked to chronic activation 
of the HPA axis and sympathetic nervous system 
(Barker 2007; Hackman, Farah, and Meaney 2010), 
which leave cardiovascular markers through the 
elevation of immunological and endocrine 
responses (McLaughlin et al. 2015).

Cardiometabolic function is also subject to pro-
cesses of cumulative (dis)advantage. The stress-
buffering effect of socioeconomic resources 
manifests physiologically among both children/
adolescents and adults (Lupien et al. 2000; McEwen 
and Stellar 1993). Accordingly, the concept of allo-
static load emerged in the 1990s to describe the 
cumulative wear and tear due to multisystem dys-
regulation resulting from a lifetime of adaptation to 
the stressors of life (McEwen and Stellar 1993). 
However, the extent to which childhood SES is an 
independent predictor of later life cardiometabolic 
risk net of adult SES remains unclear. Both child-
hood and adult SES have been linked to multisys-
tem dysregulation (Evans and English 2002; Singer 
and Ryff 1999), suggesting they additively or multi-
plicatively influence later cardiometabolic risk, in 
which case, we would expect each to exert indepen-
dent or joint effects on cognitive functioning. 
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Alternatively, the influence of childhood SES on 
later-life cardiometabolic risk may be completely 
mediated by adult SES. In that case, childhood dis-
advantage is simply a pathway to adult disadvan-
tage, which initiates the chain of cardiometabolic 
risk, hastening cognitive decline.

Prior Evidence
Suggestive of critical/sensitive periods effects that 
contribute to preserved differentiation research 
across international contexts finds a positive corre-
lation between childhood SES and the level of cog-
nitive functioning in later life (Greenfield and 
Moorman 2018; Lyu 2015; Zhang et al., 2017). 
Some studies report a pathway process by which a 
substantial portion of childhood SES effects is 
accounted for by adult SES (Forstmeier et al. 2012; 
Horvat et al. 2014; Zhang et al. 2017). Consistent 
with cumulative (dis)advantage, other studies find 
finds that those who occupy low social positions in 
both childhood and adulthood are at particularly 
high risk (Lynch, Kaplan, and Shema 1997; Lyu 
2015).

Evidence for the contribution of childhood SES 
to differential preservation remains conflicted. The 
NIH’s consensus statement reports that childhood 
SES does not influence the rate of decline of cogni-
tive function after baseline (Daviglus et al. 2010). 
This has largely been confirmed by subsequent 
studies (Greenfield and Moorman 2018; Lyu 2015; 
Staff et al. 2012). However, some evidence sug-
gests that those from advantaged childhoods expe-
rience slower declines in cognitive functioning 
(Lyu and Burr 2016).

The inconsistent evidence for childhood SES and 
differential preservation is surprising given the con-
sensus that childhood adversity threatens the integ-
rity of cardiometabolic systems. One possible 
explanation is that cardiometabolic mechanisms of 
cognitive decline may be driven by more proximal 
adult SES. Research has identified a consistent link 
between adult SES and cardiometabolic risk (Kelli, 
Kassas, and Lattouf 2015). Nevertheless, we are not 
aware of any existing research investigating cardio-
metabolic risk as a mechanism connecting childhood 
SES and cognitive decline while simultaneously 
accounting for adult SES.

The Present Study and Hypotheses
The current study examines the extent to which 
childhood SES contributes to the differential preser-
vation of late-life cognition through processes of 

cardiometabolic risk while accounting for adult SES. 
In doing so, we aim first to confirm the impact of 
childhood SES on cognitive aging. Do those with 
higher childhood SES experience slower rates of 
cognitive decline. We then examine if that associa-
tion is mediated by cardiometabolic biomarkers. 
Finally, we test whether childhood SES determines 
the rate of cognitive decline independently of or 
jointly with adult SES. Substantively, empirical sup-
port for the independent roles of childhood SES 
implies differential preservation has its roots in 
childhood and critical/sensitive period processes, 
while an interactive role with adult SES indicates 
cumulative (dis)advantage—compounding an 
amplification of childhood advantages and disad-
vantages, depending on adulthood socioeconomic 
attainment. Conversely, substantial/complete media-
tion of the effect of childhood SES by adult SES 
would suggest a pathways or chains of risk process.

Based on the previous discussion, we offer four 
hypotheses.

Hypothesis 1: Higher childhood SES is associ-
ated with a slower rate of cognitive decline.

Hypothesis 2: Cardiometabolic risk mediates 
the effects of childhood SES.

Hypothesis 3: The direct pathway between 
childhood SES and the rate of cognitive 
decline and the indirect pathway through 
cardiometabolic risk remain after adjust-
ment for adult SES.

Hypothesis 4: The association between adult 
SES and cognitive decline is amplified by 
childhood SES (i.e., a significant interac-
tion between childhood and adult SES).

DATA AnD METHODS
This study drew on data from multiple waves of the 
Health and Retirement Study (HRS), one of the lon-
gest running longitudinal studies of aging in the 
United States. The first wave was fielded in 1992, 
with follow-up surveys conducted biannually. Since 
2006, the HRS has collected blood and saliva sam-
ples from a representative subsample of 16,438 
respondents and assayed for cholesterol, blood glu-
cose, C-reactive protein (CRP), and cystatin C 
(Crimmins et al. 2013). Participants also had their 
blood pressure, waist circumference, and physical 
performance (i.e., grip strength and timed walk) 
measured. The analytic sample was drawn from this 
subsample, who had biomarkers collected in 2006 
and subsequently in 2010 and 2014. We further con-
strained our analysis to 9,449 individuals whose 
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cognitive functioning was assessed at least once 
since 2008. This restriction ensured that for every 
sample member, the baseline assessment of cogni-
tive functioning was taken following the observa-
tion of their cardiometabolic risk.1 We pooled 
23,893 person-year observations of cognitive per-
formance from 9,449 respondents. Each sample 
member contributed as many observations as were 
available. As the most recent available wave of HRS 
was 2014, respondents had a maximum of four 
observations for the Telephone Interview for 
Cognitive Status (TICS) score.

Cognitive Function
The HRS uses a modified version of the (TICS-M; 
Brandt, Spencer, and Folstein 1988). The TICS 
questionnaire has been used extensively by large 
surveys as a composite measure of general cogni-
tive functioning (Bugliari et al. 2016). Respondents 
were administered 10-word immediate and delayed 
recall tests, a serial sevens subtraction test, a count-
ing backwards test, an object naming test, and recall 
of the date, president, and vice president to assess 
working memory, attention and processing speed, 
language, and temporal orientation, respectively 
(Crimmins et al. 2013). For a review of the validity, 
reliability, and methodological limitations of TICS, 
see Lachman and Spiro (2002). The number of cor-
rect answers to TICS items quantifies individual 
cognitive performance on a scale from 0 to 35. All 
TICS items were standardized, and the scoring was 
harmonized across waves.

Cardiometabolic Risk Index (CM Index)
The analysis utilized nine markers of cardiometa-
bolic risk: glycated hemoglobin (A1C), low density 
lipoproteins (LDL), high density lipoproteins 
(HDL), CRP, cystatin C, systolic and diastolic blood 
pressure, pulse, and waist circumference. High lev-
els of A1C, cystatin C, blood pressure, pulse, and 
central adiposity collectively represent dysregula-
tion in cardiometabolism (Schmitz et al. 2018). 
High CRP is a marker of inflammation, and its 
chronic elevation indicates vascular morbidities 
such as atherosclerosis and is an independent pre-
dictor of cardiometabolic dysfunction (Ridker, 
Wilson, and Grundy 2004). High LDL cholesterol is 
reflective of cardiovascular risk in the combination 
of low HDL cholesterol (Rizzo et al. 2008).2

Using these biomarkers, we constructed an 
index of cardiometabolic risk. For each biomarker, 
we determined a threshold by estimating the 75th 

percentile value based on the total HRS sample to 
ensure representativeness to the U.S. population. 
One exception is HDL, which utilizes the 25th per-
centile. The threshold values for all biomarkers are 
listed in Table 1. For a given biomarker, an individ-
ual was assigned a value of 1 if his or her value 
exceeded the threshold (or lower for HDL) and 0 if 
not. The index then summed across the markers and 
ranged between 0 and 9.3

Childhood SES
Three measures of childhood SES were used: 
mother’s education, father’s education, and the 
main occupation of the father/main breadwinner. 
Parental education was measured as years of com-
pleted schooling. Our measure of occupation 
focused on cognitive demands and thus taps into 
the concept of cognitive reserve. Three-digit census 
occupation codes for respondents and their father/
main breadwinner were matched to the level of 
cognitive demands associated with each occupation 
using the Occupational Information Network 
(O*Net). O*Net data are widely used in cognitive 
research to assess the cognitive demands of occu-
pations (Andel et al. 2015; Forstmeier et al. 2012). 
O*Net assesses a number of abilities, including 
oral expression, written expression, oral compre-
hension, written comprehension, deductive reason-
ing, inductive reasoning, fluency of ideas, 
originality, problem sensitivity, information order-
ing, and category flexibility. Scores for each ability 
domain range from 0 to 100—the occupation 
requires the highest possible level of a given ability. 
We constructed a composite rating for each occupa-
tion by averaging the 12 ability domain scores. The 
composite ratings were matched to respondent and 
parent occupation. Following prior research, we 
then transformed the composite rating into a z-score 
(based on the total HRS sample; Andel et al. 2015).

Adult SES
Adult SES was captured using four measures: 
household income, wealth, cognitive demands of 
longest held occupation, and educational attain-
ment. Total household income and wealth represent 
the sum of the respondent’s and spouse’s total 
income or assets from all sources. These were then 
adjusted for inflation and household size and log 
transformed. Cognitive demands of longest held 
occupation was derived as previously described. 
Educational attainment was measured as years of 
completed schooling. We utilized the earliest 
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available financial information, if possible, prior to 
first biomarker assessment.

Controls
The analysis included controls for age at first obser-
vation, race-ethnicity, and sex. Age was centered on 
the sample mean. Race-ethnicity was measured in 
four categories: non-Hispanic white, non-Hispanic 
black, Hispanic, and other. Descriptive statistics for 
the sample are provided in Table 1.

Analytic Plan
We estimated latent growth curves of cognitive 
function within a structural equation framework 
(SEM; Muthén 2004:347). A SEM approach to 
growth curve modeling is distinct from the multi-
level modeling (MLM) approach. While both 
approaches yield identical estimates of trajectories 
with the same model specification, depending on 
specific applications, each has practical advantages 
and disadvantages (Hox and Stoel 2014). For our 
purposes, SEM has three advantages over MLM. 
The first is its ease in incorporating latent constructs 
allowing multiple indicators and a complex mea-
surement structure for childhood and adult SES. 
Second, SEM offers a more flexible approach to 
specifying time scores and the functional form of 

change over time (elaborated on in the following). 
Finally, the MLM approach is inherently univariate 
while the SEM approach is inherently multivariate. 
The multivariate nature of SEM provides a straight-
forward approach to modeling the complex path-
ways between constructs as well as ease of 
decomposing total, direct, and indirect pathways of 
mediation. This was particularly advantageous in 
testing our hypotheses as it enabled us to estimate 
the total effect of childhood SES on the rate of cog-
nitive decline and decompose its potential direct 
and indirect effects via adult SES and cardiometa-
bolic risk while also accounting for between-indi-
vidual differences in cognitive performance at the 
baseline.

The model consists of a measurement compo-
nent, which statistically links the observed vari-
ables to the latent constructs that they measure, and 
a structural component, composed of multiple 
equations that relate the latent constructs to other 
variables of interest (Kline 2004). Figure 1 presents 
a path diagram of the model. Four variables in ovals 
represent latent constructs, childhood SES, adult 
SES, and the intercept and slope of cognitive trajec-
tories, based on the corresponding set of observed 
measures.

The unconditional (without covariates) latent 
growth curve model for the TICS score (Y) for indi-
vidual i at time t can be expressed as

Table 1. Descriptive Statistics for Demographic and cardiometabolic Variables (Health and retirement 
Study 2006–2014).

Variable Mean/Proportion SD Minimum Maximum Thresholda

Baseline age 70.72 10.31 50.00 100.32  
non-Hispanic white .70  
Hispanic .11  
non-Hispanic black .16  
Other .03  
Male .44  
A1c (%) 5.89 1.00 3.01 17.26 6.14
c-reactive protein (ug/mL) 4.18 8.29 .02 219.12 4.51
cystatin c (mg/L) 1.12 .57 .07 10.17 1.20
Low density cholesterol (mg/dL) 144.64 39.41 33.02 378.62 171.27
High density cholesterol (mg/dL) 53.96 15.84 12.11 130.04 42.74
Systolic blood pressure 134.70 22.16 68 240 149
Diastolic blood pressure 80.33 12.78 23 146 91
Pulse 69.86 11.34 25 133 78
Waist circumference (inches) 39.85 5.88 23 74.25 43.51
cardiometabolic risk index 1.85 1.37 0 9  

Note: N = 9,449. SD = standard deviation.
aThreshold = 75th percentile value for all biomarkers except high density cholesterol (25th percentile).
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Yit i t i it= + +η λ η εα β ,

where ηαi and ηβi, respectively, represent the inter-
cept and slope for individual i and εit are individual 
and time-specific random errors. The observed 
TICS score at the baseline is Yi0, with subsequent 
time points denoted as Yi2, Yi4, and Yi6. The individ-
ual intercepts are latent components expressed as 
the sum of the overall mean score at baseline (μα) 
and their individual deviation from it (ζαi) (ηαi = 
μα + ζαi). Individual slopes can be expressed as a 
function of the average change in the TICS score 
over time (μβ) and the individual deviation (ζβi) 
(ηβi = μβ + ζβi). In a linear growth model, λt would 
be fixed to [0, 2, 4, 6], corresponding to time score 
factor loadings for four observation periods starting 
at time 0 and then at subsequent two-year intervals. 
However, rather than a linear model, we estimated a 
freely specified model in which λt = [0, *, *, *, 1]. In 
this model, * represent estimated (i.e., free rather 
than fixed) factor loadings corresponding to the pro-
portion of total change occurring by each observa-
tion point (i.e., t = 0, 2, 4, and 6), and ηβ1 represents 
a general shape factor of total change over the 
period rather than an annual rate of change. The 
advantage of this specification is that it does not 
impose a particular functional form on trajectories 
of cognition at the individual or population level. 
This flexibility is especially useful in the HRS, 
which covers a wide range of birth cohorts observed 
at different spans of later life, across which the 

underlying functional form of cognitive trajectories 
is likely to vary substantially. In addition, the model 
fit was superior with the freely estimated model 
compared to linear/curvilinear specifications. We 
further allowed the latent intercept and slope to 
correlate.

In conditional models with covariates (observed 
and latent), the latent intercept and slope can be fur-
ther expressed as:

η µ µ η µ η µ ζ

η µ µ η µ
α α α α α α

β β β β

i ASESi CSESi x i

i ASESi

X= + + + …+

= + +
1 2 3

1 2 3ηη µ ζβ βCSESi x iX+ …+
,

where ηASESi and ηCSESi represent the latent adult 
SES and childhood SES factor scores for individual 
i, respectively, and X are other observed covariates. 
The latent constructs, childhood SES and adult SES, 
were each estimated with a one-factor confirmatory 
factor model. The measurement model for ηASES and 
ηCSES is
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Figure 1. Latent growth curve Model Fitted to the TIcS Score Observed at Four Time Points, with 
Parental SES, Adult SES, and cardiometabolic risk Index as covariates.
Note: t represents the number of years elapsed since the baseline. SES = socioeconomic status; TIcS = Telephone 
Interview for cognitive Status.
*Adult SES, childhood SES, biomarkers, slope, and intercept are regressed on controls.
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Estimation was accomplished via full informa-
tion maximum likelihood (FIML) using Mplus 
6.12. As not all individuals had cognition measured 
at all observation points, FIML takes advantage of 
all available information, allowing those individu-
als with missing information in any particular wave 
to contribute to the estimation. Similar to the logic 
of imputation (Oi 2017), the FIML estimation for 
missing cases was also aided by variables that pre-
dict missing values but are not included in the main 
analysis. These variables included time-varying 
measures of widowhood, retirement/employment 
status, activities of daily living, whether their 
mother/father was alive, and family caregiving 
obligations, all of which are linked to late-life cog-
nitive functioning (Insler 2014). The results were 
robust to the selection of auxiliary variables.

Arrows shown in Figure 1 are estimated as coef-
ficients, with the origin as a predictor and the desti-
nation as a dependent variable. Arrows connecting 
from childhood SES, adult SES, and the CM index 
to the intercept and slope are of interest here. 
Hypothesis 1 predicts a positive path coefficient of 
childhood SES predicting the slope (childhood 
SES→slope): A higher level of childhood SES 
leads to a smaller loss of cognitive functioning over 
time. Hypothesis 2 predicts a chain that begins with 
the negative association between childhood SES 
and the CM index and then a negative association 
between the CM index and the slope (childhood 
SES→CM index→slope). These specifications 
imply that the direct association between childhood 
SES and the slope is at least partially mediated by 
the CM index. Hypothesis 3 was evaluated by 
examining if the associations specified in 
Hypotheses 1 and 2 hold after including adult SES. 
We formerly tested the mediation effects of adult 
SES and the CM index using a built-in routine in 
Mplus 6.12 (Muthén, Muthén, and Asparouhov 
2017). Finally, Hypothesis 4 was evaluated by test-
ing for a positive interaction term between child-
hood SES and adult SES.

rESuLTS
Table 2 presents the estimates for measurement 
models for childhood SES, adult SES, and the latent 
growth parameter (slope). The far-right column 
presents the number of observations for each mea-
sure. Missing data are particularly severe for third 
and fourth cognitive assessments. Less than half of 
the sample had their cognitive functioning assessed 
more than twice. All fit indices indicate good model 
fit to the data (Comparative Fit Index/Tucker-Lewis 

Index > .9; root mean square error of approximation 
< .05; Kline 2014). Both the latent adult SES and 
childhood SES constructs are strongly correlated 
with their observed measures. The bottom pane 
presents the measurement model of the TICS 
growth curve. In the estimation of the intercept, the 
unstandardized factor loading is set to 1 for each 
measurement because the baseline is fixed across 
time. The unstandardized factor loadings for the 
slope indicate cumulative proportional change at 
each observation point, so that λt = [0, .331, .725, 1].

Table 3 presents coefficients for the structural 
component of the model, including the mean esti-
mates of the intercept and slope, with the upper and 
lower panes containing estimates predicting the 
intercept and slope, respectively. Recall that the 
intercept represents the average baseline score (μα) 
and the slope is the average total change in the 
TICS score over the six-year period (μβ). We esti-
mated five models, with the fourth model presented 
in Figure 1. All models control for baseline age, 
sex, race-ethnicity, and childhood SES. Model 2 
adds the CM index, while Model 3 instead includes 
adult SES. Model 4 includes childhood and adult 
SES and the CM index. Finally, Model 5 adds an 
interaction term between childhood and adult SES. 
Across the five models, the variables included 
explain 30.6 percent to 49.6 percent of the variance 
in the intercept and 46.7 percent to 49.7 percent of 
variation in the slope.4

Beginning with Model 1, the estimates from the 
slope equation show that when all the covariates are 
at the value of 0 (e.g., a baseline age of 70), the 
average cognitive decline over six years is –1.701. 
The intercept is largely dependent on individual age 
at baseline. Individuals who were older at the base-
line experience greater cognitive decline over the 
period, by .178 per one-year increase in age. 
Childhood SES positively influences the level of 
cognitive performance at the first observation; a 
one standard deviation increase in childhood SES 
increases the baseline score by .407. In addition, 
supporting Hypothesis 1, childhood SES is also 
associated with cognitive decline; a one standard 
deviation increase in childhood SES lowers the rate 
of decline by .097. None of the other variables sig-
nificantly predicts the slope.

Model 2 presents the estimates after including 
the CM index. The CM risk itself is associated with 
both the intercept and slope in the expected direc-
tion: Higher cardiometabolic dysregulation is asso-
ciated with a lower baseline TICS score and a larger 
decline over time. Consistent with Hypothesis 2, 
the positive coefficient of childhood SES predicting 
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the slope is reduced from .097 in Model 1 to .086 in 
Model 2 (a nearly 10 percent reduction), though 
remains statistically significant.

In contrast to Hypothesis 3, when adult SES is 
alternately added to the model (Model 3), the effect 
of childhood SES on the slope is reduced substan-
tially from .097 to .027 and is no longer statistically 
significant. Similarly, childhood SES is no longer 
predictive of baseline cognitive score. Adult SES is 
significantly associated with both the intercept and 
slope; one standard deviation increase in adult SES 

increases the baseline cognitive score by 1.002 and 
reduces the extent of cognitive decline by .114. In 
the presence of both the CM index and adult SES 
(Model 4), childhood SES is not significantly asso-
ciated with the intercept or slope. Finally, we do not 
find support for Hypothesis 4 as there is no signifi-
cant interaction between childhood SES and adult 
SES (Model 5).

To visualize how childhood SES contributes to 
the differentiation of cognitive trajectories over 
time, Figure 2 plots the predicted age-specific TICS 

Table 2. Descriptive Statistics and Measurement Model Estimates for Parental SES, SES, and TIcS Score 
(Health and retirement Study 2006–2014).

Mean
unstandardized 
Factor Loading

Standardized 
Factor Loading r2 Observed N

childhood SES
 Mother’s education 9.378

(.039)
1.000 .805

(.018)
.649 8,494

 Father’s education 9.117
(.043)

1.063***
(.019)

.792***
(.015)

.627 7,976

 Father’s occupation –.524
(.006)

.096***
(.004)

.521***
(.013)

.272 6,189

Adult SES
 Income (log) 10.340

(.011)
1.000 .487

(.012)
.238 9,449

 Total assets (log) 11.097
(.022)

.137***
(.004)

.431***
(.011)

.186 9,449

 Years of education 12.373
(.023)

.335***
(.010)

.871***
(.008)

.758 9,449

 Longest held occupation –.220
(.009)

.188***
(.006)

.561***
(.011)

.272 5,920

Latent growth curve model of TIcS score

 Slope coefficients

 Mean unstandardized Standardized r2 Observed N

Baseline (t = 0) 21.717
(.050)

.000 .000 .751 9,449

Second observation (t = 2) 21.255
(.067)

.331***
(.021)

.136***
(.014)

.713 6,392

Third observation (t = 4) 20.754
(.076)

.725***
(.030)

.290***
(.022)

.798 4,812

Fourth observation (t = 6) 20.710
(.121)

1.000 0372***
(.031)

.793 3,240

rMSEA .017  
cFI/TLI .996/.987  

Note: N = 9,449. Standard errors in parentheses. SES = socioeconomic status; TIcS = Telephone Interview for 
cognitive Status; rMSEA = root mean square error of approximation; cFI = comparative Fit Index; TLI = Tucker-
Lewis Index; TIcS = Telephone Interview cognitive Status.
***p < .001.
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score over the six-year period based on the esti-
mates from Models 1, 2, and 3. Trajectories are 
plotted for the mean respondent at baseline (age 70 
and all covariates except childhood SES held to 
their baseline means). As discussed previously, the 
slope of this latent growth model is freely specified, 
meaning that change in the TICS score is not linear 
or curvilinear but rather expressed as the proportion 
of the overall change having occurred by each 
observation point. In other words, the model cannot 
extrapolate change beyond the six-year period. 
These plotted TICS scores represent aging trajecto-
ries between 70 and 76 for two groups: those with 
high childhood SES (two standard deviations above 
the mean) and low childhood SES (two standard 
deviations below the mean). Childhood SES esti-
mated by confirmatory factor analysis follows the 
normal distribution. Thus, those with high child-
hood SES are in the 95th percentile of the distribu-
tion of the SES factor score, and low childhood 
SES means that their SES score is located in about 
the 5th percentile. Models 1 and 2 show that those 
with high childhood SES have significantly higher 
cognitive function at baseline and experience a 
slower rate of cognitive decline than their peers 

with low childhood SES. However, no such differ-
entiation is observed in Model 3, which holds adult 
SES constant.

Formal tests of mediation are presented in Table 
4, where all coefficients are standardized to ensure 
comparability and grouped in three types: direct, 
indirect, and total effects. Direct effects are coeffi-
cients attributed solely to childhood SES, while 
indirect effects involve mediators in question (i.e., 
adult SES/the CM index). Total effects are the sum 
of direct and indirect effects. Significant indirect 
effects via adult SES/CM index in the same sign as 
direct/total effects is evidence of mediation (Alwin 
and Hauser 1975).

Starting with Model 2, the total effect of child-
hood SES on the slope (i.e., the rate of cognitive 
decline) is estimated to be .089 and significant. The 
indirect effect involving the CM risk in Model 2 is 
.006, showing modest but significant mediation that 
accounts for nearly 7% of the childhood SES effect. 
In Model 3, the direct effect of childhood SES on 
the slope is .027 and no longer significant, and the 
indirect effect via adult SES is .062 (p < .001). 
Given the total effect of childhood SES in this 
model is .089, this means the mediation of adult 

Figure 2. Predicted Trajectories of TIcS Scores for Those with High/Low childhood SES.
Note: Model 1 includes childhood SES and controls. Model 2 holds biomarkers constant. Model 3 holds adulthood 
SES constant. Age-specific predicted values are based on the sum of the intercept, set at the baseline age of 70, and 
the slope estimated for each of the three subsequent observations at two-year intervals. SES = socioeconomic status; 
TIcS = Telephone Interview for cognitive Status.
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SES is nearly 70%. Finally, in Model 4, there are 
three indirect paths, among which two are statisti-
cally significant at the p value below .001: child-
hood SES→adult SES→slope (.062) and childhood 
SES→adult SES→CM index→slope (.007). Both 
mediation paths involve adult SES, meaning that 
the significant mediation effect of the CM index we 
observed in Model 2 is ultimately due to adult SES.

To further illustrate this point, Table 5 presents 
the estimates from the equations predicting the CM 
index and adult SES from Models 2 and 4. This 
demonstrates the extent to which childhood SES 
predicts cardiometabolic risk, with/without adult 
SES included, as well as the effect of childhood 
SES on adult SES. In Model 2, higher childhood 
SES predicts lower cardiometabolic risk (–.040), 
but that is no longer the case in Model 4 (.020). A 
one standard deviation increase in childhood SES 
predicts a .547 standard deviation increase in adult 
SES.

DIScuSSIOn
The life course represents the flow of time, begin-
ning from conception to the moment of death, dur-
ing which individuals are exposed to a variety of 
risks. Some exposures in early life extend a “long 
arm” over the life course with irreversible and per-
sistent effects on health (Ben-Shlomo and Kuh 

2004). These effects manifest through the intersec-
tion of social, developmental, and biological pro-
cesses (Bartley 2016; Elder et al. 2003). We combine 
the cognitive science concepts of differential preser-
vation and preserved differentiation with a life 
course perspective on health to test the relative con-
tribution of childhood SES and adult SES to varia-
tion in later-life cognitive trajectories and whether 
cardiometabolic risk mediates these socioeconomic 
influences.

We observed a significantly slower cognitive 
decline associated with higher childhood SES over 
time and also modest yet significant mediation of 
that association through later-life cardiometabolic 
risk. However, we also found that childhood SES 
does not directly predict cardiometabolic function 
in later life or the rate of cognitive decline net of 
adult socioeconomic resources. Mediation analysis 
revealed that cardiometabolic risk of cognitive 
decline operates exclusively through adult SES. 
Further, we found no evidence for an interaction 
effect of experiencing low SES in both childhood 
and adulthood on cognitive trajectories.

The results have important implications for 
understanding life course influences on cognitive 
aging. Prior research has yielded mixed results on 
the relationship between childhood SES and later-
life cognitive function, with some studies reporting 
a strong mediation through adult SES (Horvat et al. 

Table 4. Decomposition of the Effect of childhood SES on the Slope (Health and retirement Study 
2006–2014).

Direct Effect Indirect Effect Total Effect

Model 2
 childhood SES .083**

(.031)
→ cM index .006**

(.002)
.089**
(.031)

Model 3
 childhood SES .027

(.045)
→ Adult SES .062**

(.027)
.089**
(.022)

Model 4
 childhood SES .020

(.045)
Total .067**

(.027)
.087**
(.030)

 → Adult SES .062**
(.028)

 

 → cM index –.003
(.002)

 

 → Adult SES .007**  
 → cM index (.003)  

Note: n = 9,449. All coefficients are standardized. Standard errors in parentheses. cM index = cardiometabolic risk 
index; SES = socioeconomic status.
**p < .01.
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2014) and others finding a cumulative effect of 
socioeconomic position across the life course 
(Lynch et al. 1997). Our results are most consistent 
with the former. We find that rather than manifest-
ing as critical period effects or through the cumula-
tive effect of socioeconomic conditions, the 
dominant mechanism by which early life socioeco-
nomic resources influence later-life cognition is 
through the initiation of a chain of socioeconomic 
risk. Childhood socioeconomic resources facilitate 
the movement into advantaged educational and 
occupational niches, which provide an array of 
material, cognitive, and psychosocial resources key 
to the preservation of cognitive function. Such 
resources protect cognition directly through the 
development of cognitive reserve (e.g., cognitively 
demanding occupations) and indirectly through the 
mitigation of stress processes and other drivers of 
cardiometabolic risk. As such, our results suggest 
that any discussion of socioeconomic inequality in 
cognitive aging must be firmly rooted in an under-
standing of larger life course processes of social 
stratification and status attainment. Our results also 
highlight the need to further disentangle the social 
and biological processes connecting adult SES and 

cognitive aging. As part of that agenda, more 
attention must be paid to the sociobiological inter-
face across a larger swath of the life course rather 
than focusing exclusively on cognition in late life. 
It should also investigate a wide array of biologi-
cal mechanisms linking social context to brain 
function.

We would also emphasize that other types of 
early life exposures may manifest adverse impacts 
on cognition through pathways that are not rooted 
primarily in the stratification process. Indeed, more 
research is needed to disentangle the variety of 
sociobiological mechanisms linking different types 
of early life exposures/insults to later-life cognitive 
function. It is likely that some exposures, such as 
physical or sexual abuse/victimization, will operate 
in a manner consistent with critical period effects, 
permanently altering neurocognitive or other bio-
logical systems that shape cognitive trajectories in 
late life. We echo calls for research on the early life 
influences on health to examine multiple domains 
of childhood experience simultaneously (Ferraro, 
Schafer, and Wilkinson 2016).

It would be tempting to view the present results 
as dismissive of the impact of early-life conditions 

Table 5. Structural coefficients Predicting the cardiometabolic risk Index and Adult SES in Models 2 
and 4 (Health and retirement Study 2006–2014).

Model 2 Model 4

 β SE β SE

cardiometabolic risk index  
 Baseline age .012*** .002 .012*** .002
 Male .282* .032 .310*** .032
 Hispanica .037*** .065 –.168 .067
 Blacka .506*** .048 .405*** .050
 Othera –.056*** .106 –.011 .103
 childhood SES –.040*** .007 .020 .011
 Adult SES –.115*** .013
r2 .034 .053
Adult SES  
 Baseline age .000 .003
 Male .241*** .059
 Hispanicsa –1.690*** .133
 Blacksa –.818*** .094
 Othersa .428*** .197
 childhood SES .547*** .016
r2 .532

Note: N = 9,449. SE = standard error; SES = socioeconomic status; TIcS = Telephone Interview for cognitive Status.
anon-Hispanic whites = reference.
*p < .05, ***p < .001.
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on cognitive aging. However, while they do high-
light the central role of adult SES, our results con-
firm that childhood socioeconomic deprivation 
remains a systematic obstacle to the development 
and maintenance of cognitive health. Indeed, our 
estimate of the correlation between childhood and 
adult SES was nearly .7 (not shown). Constrained 
opportunities for upward mobility affect many 
aspects of individual and population health that per-
petuate health inequalities (Woolf 2009). This holds 
for cognitive health as well. With growing public 
and policy interest in the maintenance of cognitive 
health in later life, the promotion of individual-
level strategies in late adulthood to develop resil-
ience tends to dominate policy discourse. However, 
the present study illustrates the importance of struc-
tural factors and underscores the limitations to 
 individual-level interventions in later life to miti-
gate cognitive decline. Conversely, it points to poli-
cies to reduce socioeconomic deprivation in 
childhood, promote greater adult socioeconomic 
attainment, and reduce barriers to upward social 
mobility as critical targets for improving later-life 
cognitive health in the long run. Indeed, research 
demonstrates that investments in early childhood 
development are more productive and cost-efficient 
than investments later in life and yield a broad array 
of social and economic returns (Heckman 2006). 
Our work suggests such investments would yield 
long-term cognitive health benefits as well.

Emphasis on socioeconomic inequality and its 
genesis in early life also raises concerns for future 
trends in cognitive health. In the past few decades, 
the United States has witnessed persistently high 
rates of child poverty (Koball and Jiang 2018), 
declining social mobility (Chetty et al. 2017), and 
as a result, divergent destinies of children based on 
their parental/family characteristics (McLanahan 
2004). These trends have negative implications for 
future population health. Indeed, socioeconomic 
disparities in health and mortality have been 
expanding among recent cohorts (Masters, 
Hummer, and Powers 2012). The evidence pre-
sented here portends similar trends in the future for 
cognitive health. At the very least, these socioeco-
nomic trends are likely to pose significant structural 
head winds to public health efforts to promote suc-
cessful cognitive aging.

We urge the readers to consider several cave-
ats when interpreting the results. First, the array 
of biomarkers included in the study is not com-
prehensive and is limited by the design of the 
HRS (Crimmins et al. 2013). A fuller understand-
ing of cumulative damage resulting from child-
hood adversity would include stress hormones 
and other biomarkers indicative of cumulative 
damage over the life course. The future expansion 
of HRS biomarker data assessing multiple body 
systems will further that endeavor. Second, we 
emphasize that the inferences from the findings 
presented in this study are strictly limited to the 
linkage between childhood SES and cardiometa-
bolic risk. We also considered early life health 
conditions and childhood health status, but these 
were excluded because none significantly pre-
dicted cognitive decline independent of adult 
SES. Finally, there is the issue of mortality selec-
tion of the sample before biomarker data collec-
tion began in 2006. Even with the “refresher” 
samples of younger individuals added to HRS, the 
average age in the sample at first observation is 
nearly 71. It is likely that those cohort members 
who are at higher cognitive risk also had higher 
mortality prior to 2006, making the estimated 
effects of childhood SES on cognitive decline 
biased downward.

Despite these caveats, the present study is one 
of the first to examine childhood SES and the rate 
of cognitive decline while accounting for cardio-
metabolic risk and adult SES. It also highlights 
the value of theorizing the determinants of cogni-
tive aging from a life course perspective. The 
study of cognitive aging is inherently interdisci-
plinary. While it is grounded in the sociological 
tradition, one of the great strengths of the life 
course approach is that it is flexible, capable of 
accommodating and illuminating theoretical con-
structs from other disciplines. Here, life course 
theory provided a set of processes and orienting 
principles for understanding the cognitive science 
constructs of preserved differentiation and differ-
ential preservation and the complex sociobiologi-
cal interface that shapes lifelong cognitive 
trajectories. Future research on cognitive aging 
would be well served by an approach grounded in 
life course theory.
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APPEnDIx

Structural coefficients Predicting the Intercept/Slope of the TIcS Score Trajectory, with Alternative 
Model Specifications (Health and retirement Study 2006–2014).

Model 3 + Behavioral
Model 4 (Alternative cM 

Index)
Model 4  

(Truncated)

 β SE β SE β SE

Intercept  
 Baseline age –.120*** .005 –.130*** .005 –.041*** .010
 Male –.990*** .084 –.923*** .084 –.863*** .110
 Hispanica –.658*** .180 –.507*** .191 –.563* .229
 Blacka –2.511*** .130 –2.478*** .138 –2.473*** .156
 Othera –2.377*** .268 –2.592*** .287 –2.751*** .351
 childhood SES –.068 .032 –.063 .033 –.063 .043
 Adult SES 1.032*** .045 1.008*** .049 .952*** .052
 Exercise .172*** .030  
 BMI .038*** .007  
 Ever smoked .046*** .086  
 currently smoke –.215* .134  
 cM index –.096*** .029 –.051 .047
 constant 23.006*** .242 23.562*** .094 23.947*** .121
r2 .513 .500 .523
Slope  
 Baseline age –.172*** .011 –.159*** .015 –.170*** .037
 Male –.102 .132 –.108 .138 –.061 .173
 Hispanica .764* .277 .834*** .292 .898*** .331
 Blacka .177 .219 .318 .241 –.048 .273
 Othera .476 .457 .857 .544 .828 .651
 childhood SES .032 .044 .035 .045 –.001 .056
 Adult SES .085 .052 .093* .042 .098* .045
 Exercise –.100*** .047  
 BMI .003 .012  
 Ever smoked .029 .132  
 currently smoke –.461 .222  
 cM index –.137*** .045 .171*** .052
 constant –1.366*** .402 –1.375*** .160 1.442*** .176
r2 .469 .488 .495
rIntercept with Slope .167* .126 .134

Note: N = 9,449. Model 3 + Behavioral = adding smoking, BMI, and exercise variables to Model 3. Model 4 (Alternative 
cM Index) = replacing the cM index with an alternative measure that includes forced expiratory volume. Model 
4 (Truncated) = Model 4 estimates based on the model that includes the sample members whose TIcS score 
was measured four times (N = 4,869). cM index = cardiometabolic risk index; BMI = body mass index; SES = 
socioeconomic status. TIcS = Telephone Interview cognitive Status.
anon-Hispanic whites = reference.
*p < .05, ***p < .001.
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nOTES
1. Auxiliary analysis assessing representativeness 

of the analytic sample against the Health and 
Retirement Study biomarker subsample found that 
the two do not differ in terms of education, income, 
occupation, race, or Hispanic ethnicity. The analytic 
sample was nearly five years younger.

2. There is a considerable overlap in the array of biomark-
ers used to assess cardiometabolic risk and allostatic 
load. For multiple reasons, our measure most closely 
aligns with the former. First, allostatic load includes 
measures of stress hormones. Ours does not. The array 
of biomarkers used in this study is too limited to be 
considered as a comprehensive measure of cumulative 
dysregulation. Second, it’s not possible to determine 
whether the level of the biomarkers observed here 
reflect recent fluctuation, acute responses, or decades 
of exposures across the life course. Finally, these 
biomarkers capture cardiometabolic risk, a particular 
biological pathway linking childhood socioeconomic 
status and cognitive decline.

3. We followed this conventional practice to construct 
the cardiometabolic risk index (Howard and Sparks 
2016). Auxiliary analysis shows that the predictive 
power of the index is similar, regardless of how it 
was constructed.

4. We conducted sensitivity analyses (Appendix), 
including alternative models with health behav-
iors. We also ran analyses on a sample constrained 
to ages 55 to 73 (the interquartile range) to reduce 
potential confounding from cohort effects. Finally, 
we examined the cardiometabolic risk index includ-
ing forced expiratory volume. None altered the sub-
stantive conclusions.
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