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ARTICLE INFO ABSTRACT

Keywords: Background: Allostatic load (AL) indicates the cumulative impact of stress on homeostatic mechanisms.
Allostat%c load Depression and AL have been associated with cognitive deficits, but it is unclear if they do so independently.

Depression Methods: Using data from middle-aged participants in the observational longitudinal Midlife in the United States
g:eg:;?ii: function (MIDUS) study (n = 704, 57.5 % female, 63.8 & 10.6 years old in 2014), we assessed whether the effect of prior
Stress depression (Composite International Diagnostic Interview Short-Form in 1995) on cognitive decline between

2004 and 2013 (composite Z-scores derived from the Brief Test of Adult Cognition by Telephone and the Stop &
Go Switch Task) was moderated by AL Z-scores in 2004 (calculated from biomarkers in blood, urine, and
electrocardiography).

Results: A significant depression x AL interaction predicted a decline in a composite cognitive score (p = —0.066,
SE=0.029, p = 0.024) and executive function (p = —0.068, SE=0.025, p = 0.007). Depression predicted a decline
in composite cognition among those with AL Z-scores above — 0.055. AL subdomains of inflammation and lipid
metabolism showed evidence of moderation.

Conclusion: Middle-aged adults with depression who had higher allostatic load were at greater risk of cognitive
decline. Future studies should evaluate whether the interaction predicts incident dementia, and whether in-
terventions targeting depression or elevated AL in people who have both can attenuate cognitive decline.

1. Introduction observed cross-sectional and longitudinal associations between AL and
incident morbidity (Guidi et al., 2021) and mortality (Parker et al.,

Depression is associated with changes in cognitive performance 2022).

which often persist in people whose mood has improved (Perini et al.,
2019). Depression incidence and severity also predict accelerated
age-related cognitive decline in older adults (Formanek et al., 2020;
Verdelho et al., 2013).

Chronic stress is a major risk factor for depression, and it can lead to
chronic activation of the stress response and manifold physiological
dysregulations spanning metabolic, cardiovascular, inflammatory,
neuroendocrine, and autonomic systems. The term allostatic load (AL)
was coined in 1993 to describe cumulative “wear and tear” on these
systems that results from the efforts of an organism to adapt to changes
in its environment (McEwen and Stellar, 1993). Many studies have

The many components of AL individually or in aggregate have been
associated with cognitive impairment or decline (Empana et al., 2021;
Forte et al., 2019; Gardner et al., 2019; Knight et al., 2020; Morrens
etal., 2022; van der Flier et al., 2018). A recent meta-analysis found that
AL was associated with poorer performance in global cognition and
executive function cross-sectionally, and suggested a decline in global
cognition longitudinally, though there were insufficient studies to power
the latter comparison (D’ Amico et al., 2020). Many studies investigating
the link between AL and cognition or cognitive decline did not assess
depression (Booth et al., 2015; de Robert, 2018; Karlamangla et al.,
2014; Kobrosly et al., 2012; Rigney, 2010), while others excluded
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participants with depression (Narbutas et al., 2019; Ottino-Gonzalez
etal., 2019). Longitudinal studies spanning the midlife period have been
few (Goldman et al., 2006; Oi and Haas, 2019), and still fewer have
examined depression and AL together (Schmitz et al., 2018), leaving
questions about the nature of their combined effects on cognition.

While the early literature conceptualized AL in the context of
depression (McEwen, 2003), and the two may be linked by chronic stress
as a common risk factor (Finlay, Roth et al., 2022; Finlay, Rudd et al.,
2022), there is limited evidence to suggest that AL is specific to
depression. Preliminary meta-analytic evidence has indicated that AL
may be elevated in psychotic disorders but not necessarily in depression
(Finlay et al., 2021); therefore, it may be useful to examine the effects of
AL in people with and without depression, and to consider the possibility
of both independent and interactive effects. Here we aim to disentangle
the effects of AL and depression on cognitive decline via moderation
analysis using data from a longitudinal observational study of
middle-aged adults. It is hypothesized that an interaction effect will be
present such that AL and depression together will be associated with
greater cognitive decline in later midlife.

2. Methods
2.1. Data source

The study is a retrospective analysis of the Midlife in the United
States (MIDUS) Study. The MIDUS study was initiated in 1995 to
“investigate the role of behavioral, psychological, and social factors in
accounting for age-related variations in health and well-being in a na-
tional sample of Americans.” (Brim et al., 1995).

MIDUS participants were recruited by dialling random phone
numbers and completed a phone interview in the first wave in 1995. In
the second wave (2004-09; MIDUS 2), a battery of cognitive tests was
administered by telephone in addition to the original interview. A subset
of participants who were deemed healthy enough to travel were
recruited to one of three testing centers for the MIDUS 2 Biomarker
study. Participants’ blood, urine, and electrocardiography measures
were taken over two days as well as a series of questionnaires assessing
psychosocial phenomena. The third wave of MIDUS (2013-14; MIDUS
3) repeated the original interview series as well as the battery of
cognitive assessments by telephone. Participants of MIDUS were
included in this study if they completed the depression assessment tool
in wave 1 and the biomarker and cognition studies in wave 2.

2.2. Depression

A past-year diagnosis of depression at Wave 1 was assessed using the
Composite International Diagnostic Interview short-form (CIDI-SF), an
abridged version of the tool developed by the World Health Organiza-
tion (WHO) to diagnose DSM-III-R psychiatric disorders (Kessler et al.,
1998). Diagnosis of a depressive episode required a two-week period
with at least one of the two cardinal symptoms of depression, depressed
affect (feeling sad, blue, or depressed) and anhedonia (loss of interest in
most things), for most of the day or more, and almost every day or more
frequently. In addition to one of the cardinal symptoms, depression
diagnosis was contingent upon at least four other symptoms at the same
frequency, including the other cardinal symptom and unusually high
levels of: fatigue; change in appetite; insomnia; difficulty concentrating;
feeling down on oneself, no good, or worthless; and thoughts about
death (Kessler et al., 1998). Depression was used in models as a binary
variable.

2.3. Allostatic load
Allostatic load scores were calculated based on the method of Kar-

lamangla and colleagues (Karlamangla et al., 2014). Briefly, 24 bio-
markers derived from blood, urine, body measurements and
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electrocardiography spanning 7 physiological domains were included.
The 7 domains were cardiovascular (systolic blood pressure [SBP],
diastolic blood pressure [DBP], and heart rate), glucose metabolism
(glycated hemoglobin [HbAlc], fasting blood glucose, and homeostatic
model assessment for insulin resistance [HOMA-IR]), lipid metabo-
lism/body composition (body mass index [BMI], waist-hip ratio [WHR],
high-density lipoprotein [HDL], low-density lipoprotein [LDL], and tri-
glycerides), inflammation (C-reactive protein [CRP], interleukin-6
[IL-6], fibrinogen, sE-selectin, and sICAM-1), hypothalamic-pituitar-
y-adrenal [HPA] axis (dehydroepiandrosterone sulfate [DHEA-S], and
urine cortisol), sympathetic nervous system (SNS) (urine adrenaline and
noradrenaline), and parasympathetic nervous system (PNS) (electro-
cardiography metrics standard deviation of R-R interval [SDRR], root
mean square successive differences [RMSSD], low frequency power and
high frequency power). A score for each of the 7 domains was computed
and effects of individual AL domains were explored.

For each biomarker, participants in the top quartile of the sample
distribution were assigned a score of 1 (“high”) while those in the bot-
tom 3 quartiles were given a score of 0 (“low”). Six biomarkers for which
low values indicate potential pathophysiology (DHEA-S, HDL, and the 4
PNS markers) were coded inversely, where the bottom quartile was
assigned a score of 1. High-low splits for WHR, HDL, and DHEA-S were
stratified by sex a priori as these are known to differ significantly be-
tween men and women. AL scores for each physiological domain were
calculated as the mean of its composite biomarker high/low scores. Each
participant’s domain scores were then summed for a total AL score, on a
scale of 0-7. Finally, AL scores were Z-transformed for analysis. Z-scores
for each AL domain were also created for use in exploratory analyses.

We considered a person taking a drug that returns the level of a given
biomarker to the normal range to be considered as high risk for that
biomarker, using the Multum Lexicon to categorize medications; spe-
cifically, individuals taking antihyperlipidemic drugs (category #19)
were considered high risk for LDL; those taking beta-blockers (category
#47) were considered high risk for heart rate; those taking diabetes
medications (category #99) for fasting glucose, HbAlc, and HOMA-IR;
those taking angiotensin-converting enzyme (ACE) inhibitors (#42),
angiotensin receptor blockers (ARBs) (#958), or calcium channel
blockers (#1313) for SBP; and those taking NSAIDs (#1602) for IL-6. For
each study participant, we created medication-adjusted Z-scores for
overall AL and for each AL subdomain. These medication-adjusted AL Z-
scores were used in the analyses.

2.4. Cognition

The Brief Test of Adult Cognition by Telephone (BTACT) was
administered by telephone in waves 2 and 3 of MIDUS. The BTACT
comprises the Rey Auditory-Verbal Learning test, in which the inter-
viewer reads a list of 15 words and the participant lists as many as they
can in two trials, one immediately and one after the other cognitive
exams (Lezak, 1983); the Digits Backward test of working memory,
where the interviewer reads a list of numbers and the participant is
asked to repeat them in reverse order; the Category Fluency test of
verbal ability, speed, and executive functioning, in which participants
are asked to list as many things belonging to a certain category (e.g.,
fruits) as possible within one minute; the Stop & Go Switch Task of re-
action time, attention, and executive function, in which participants
respond to the interviewer saying the words “Green” and “Red” with
“Go” and “Stop”, respectively, as fast as possible; the Number Series test
of fluid intelligence and reasoning, where participants are asked to
identify patterns in a short sequence of numbers and predict what the
next number would be; and the Backwards Counting test of processing
speed, in which participants are asked to count backwards from 100
aloud as fast as possible. Because exploratory and confirmatory factor
analyses in MIDUS 2 revealed a two-correlated-factor structure of the
BTACT comprising episodic memory and executive function (Lachman
etal., 2014), domain-specific composite Z-scores were calculated for the
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two factors as sums of Z-scores on individual tests. Immediate and
delayed recall from the Rey Auditory-Verbal Learning test were included
in the episodic memory factor while all other tests were included in the
executive function score. A composite cognition score was calculated as
the mean of the executive function and episodic memory scores as the
primary outcome while the two component scores were examined in
separate models as exploratory outcomes.

2.5. Statistical analyses

Changes in composite cognition, executive function, and episodic
memory between waves 2 and 3 were examined and described via
paired samples t-tests. Moderation analysis was conducted in Mplus
software version 8.5 (Muthén and Muthén, 2017). AL as a moderator
was tested in a regression model with an interaction term between
depression and AL. The coefficients were standardized by dividing the
regression coefficients by the standard deviation of the outcome variable
and, for continuous predictors, by additionally normalizing by the
standard deviation of said predictor. The effect of AL on composite
cognition was assessed in linear regression analyses stratified by wave 1
depression status using the R package “ggeffects” (Liidecke, 2018).
Cognitive subdomains were explored in similar models. To retain par-
ticipants missing cognitive data in wave 3 in the main analyses, full
information maximum likelihood (FIML) estimation was employed.
FIML findings were compared to the same moderation analyses con-
ducted in models that omitted participants with missing outcome values.
To determine the ranges of Z-scores over which moderation effects were
observed, Johnson-Neyman interval analysis was conducted using
PROCESS macro in R (Hayes, 2022). Plots were created in R with
“ggplot2”, and “interactions”, and “lme4” packages (Wickham, 2016;
Long, 2019).

All models predicted cognition in wave 3 but controlled for the
previous cognitive score in wave 2 such that model outcomes can be
considered to indicate a decline in cognition over ~9 years from wave 2
to wave 3; although the model parameters are estimated in terms of
wave 3 cognition scores. Model 1 was adjusted for wave 2 cognition but
not adjusted for other covariates; model 2 was further adjusted for de-
mographic characteristics (sex, age, race, education level, and house-
hold income); model 3 was further adjusted for diagnoses of heart
disease, hypertension, diabetes, TIA/stroke, and circulation problems,
use of antidepressant medications, exercise, and smoking at wave 2.
Outcomes from all 3 models are presented in Table 2 to indicate po-
tential effects of covariates. Because Johnson-Neyman analyses could
not be run with participants missing outcome values, parameters dis-
cussed further in the Results section refer to model 2 under listwise
deletion unless otherwise stated for consistency in presentation.

With a sample size of 704, the current analysis was powered at 80 %
to detect an effect size of 0.022 at a two-tailed a probability of 0.05,
controlling for 6 covariates a priori. F2 effect sizes were calculated using
G*Power software (Faul et al., 2009).

We performed some sensitivity analyses. Because the CIDI-SF iden-
tifies participants with a depressive episode within the past year, it
provides a limited snapshot into depression history and may have
resulted in misclassification of some participants with depression earlier
or later in their lives. We explored this limitation by including CIDI-SF
from waves 2 and 3 as covariates in sensitivity analyses. Sensitivity
analyses were run in men and women separately to assess whether the
effects were consistent between the sexes. Because the calculation of AL
scores has sometimes included adjustment for medication use and
sometimes not, we also examined the relationship between AL and
cognition in models where AL Z-scores were computed without adjust-
ment for medications. The results of these models are presented in
supplementary materials.
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3. Results
3.1. Study population

After excluding participants missing values for baseline depression,
biomarker data to generate medication-adjusted AL Z-scores, and
cognitive scores at wave 2, 815 participants were included in FIML
analysis (Fig. S1; Table 1). Of these, 115 had a past-year depressive
episode at wave 1. The group with a past-year depressive episode at
wave 1 had significantly more women, higher depression rates at waves
2 and 3, and higher BMI, smoking rate, and antidepressant use at wave 2,

Table 1
Participant demographics.
No depression Depression P-value
(Wave 1) (Wave 1)
(N =700) (N =115)
Sex (female) 378 (54.0%) 81 (70.4%) 0.0014
Age (Wave 3) (years) 65.3 (11.8) 62.7 (10.0) 0.013
Have attended college 540 (77.1%) 83 (72.2%) 0.30
Race
White 653 (93.4%) 106 (92.2%) 0.40
Black 19 (2.72 %) 2 (1.74 %)
Indigenous 8(1.14 %) 1 (0.87 %)
Asian 3(0.43 %) 0 (0 %)
Other 16 (2.29 %) 6 (5.22 %)
Depression (Wave 2) 53 (7.57 %) 40 (34.8 %) <
0.001
Depression (Wave 3) 45 (7.09 %) 32 (31.4 %) <
0.001
BMI (Wave 2) (kg/m"2) 28.9 (5.73) 30.3 (6.37) 0.020

Wave 2 Executive function (z- 0.263 (0.836) 0.153 (0.897) 0.22

score)

Wave 3 Executive function (z-  -0.0486 (0.674) -0.117 (0.671) 0.35
score)

Wave 2 Episodic memory (z- 0.103 (0.909) 0.219 (0.785) 0.16
score)

Wave 3 Episodic memory (z- 0.0550 (0.987) -0.0165 (0.863) 0.46
score)

Wave 2 Cognition composite 0.183 (0.715) 0.186 (0.693) 0.97
(z-score)

Wave 3 Cognition composite 0.00263 (0.689) -0.0637 (0.626) 0.34
(z-score)

Allostatic load (z-score) -0.0288 (0.982) 0.175 (1.10) 0.063

Household income (1000 81.4 (63.0) 61.2 (50.8) <
USD) 0.001

Exercise (Metabolic minutes/ 1350 (1950) 1480 (2580) 0.61
week)

Smoking (Wave 2) 63 (9.00 %) 24 (20.9 %) <

0.001

Heart disease (Wave 2) 76 (10.9 %) 9 (7.83 %) 0.41

Hypertension (Wave 2) 233 (33.3 %) 43 (37.4 %) 0.45

Diabetes (Wave 2) 71 (10.1 %) 11 (9.57 %) 0.98

TIA/stroke history (Wave 2) 23 (3.29 %) 5 (4.35 %) 0.76

Circulation problems (Wave 42 (6.00 %) 9 (7.83 %) 0.59
2)

Antidepressant use (Wave 2) 99 (14.1 %) 42 (36.5 %) <

0.001

Antihyperlipidemic drug use 229 (32.7 %) 43 (37.4 %) 0.38
(Wave 2)

Beta-blocker use (Wave 2) 99 (14.1 %) 14 (12.2 %) 0.67

Diabetes medication (Wave 61 (8.71 %) 12 (10.4 %) 0.67
2)

ACE inhibitor use (Wave 2) 58 (8.29 %) 12 (10.4 %) 0.56

ARB use (Wave 2) 60 (8.57 %) 14 (12.2 %) 0.28

Calcium channel blocker use 52 (7.43 %) 4 (3.48 %) 0.18
(Wave 2)

NSAID use (Wave 2) 349 (49.9 %) 59 (51.3 %) 0.85

Demographics and other characteristics were summarized using means and
standard deviations for continuous variables and count ( %) for categorical
variables. Differences between groups with and without depression at wave 1
assessed by independent samples t-test for continuous and by y2 test for cate-
gorical measures. BMI: Body-mass index; TIA: Transient ischemic attack; ACE:
Angiotensin-converting enzyme; ARB: Angiotensin-receptor blocker; NSAID:
Non-steroidal anti-inflammatory drug.
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as well as lower age and annual household income (Table 1). With
regards to AL biomarkers, those with a past-year depressive episode at
wave 1 had lower systolic and diastolic blood pressure as well as urine
adrenaline levels than those without; they also had higher heart rate,
BMI, CRP, and sICAM-1 (Table S1). 607 non-depressed and 98 depressed
individuals had complete cognitive data and they were included in the
analyses under listwise deletion.

3.2. Cognitive outcomes

There was an overall decline in cognitive Z-scores among the current
sample population from wave 2 to wave 3 (t = [3.62, 17.92], df =
[704,706], p < 0.001).

In linear regression models that included an interaction term be-
tween AL and depression, there was a main effect of a past-year
depression diagnosis in model 2 (adjusted for wave 2 cognition and
basic demographics) but not in model 1 or model 3, which can be
interpreted as an effect of depression at AL= 0. There was a main effect
of AL in models adjusted for wave 2 cognition only (model 1), but not in
adjusted models (Table 2). These findings were consistent between an-
alyses under FIML and listwise deletion of participants with missing
data.

3.3. Depression history and AL interaction on cognitive decline

In linear regression models there was a significant depression x AL
interaction on the cognitive composite score (§ = —0.066, SE=0.029, p
= 0.024) at follow-up. The depression x AL interaction effect was robust
between models 1, 2, and 3, and across models using listwise deletion
and FIML (Table 2).

Examining the depression groups separately in stratified models,
there was a significant negative effect of AL on cognition composite
scores in participants with depression (p = —0.1979, SE=0.0791, p =
0.013) but not in participants without depression (p = —0.0046,
SE=0.0319, p = 0.88) (Fig. 1a).

Table 2
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Johnson-Neyman interval analysis revealed a graded effect, where
the effect of depression on cognition composite scores was negative in
individuals with higher AL scores (Fig. 2a); a history of depression
exerted a significant negative effect on cognition in people with AL Z-
scores above — 0.055 (46.02 % of participants).

3.4. Depression history and AL interactions on cognitive subdomains

In exploratory analyses, a depression x AL interaction was observed
on executive function (p = —0.068, SE=0.025, p = 0.007) but not on
episodic memory (p= —0.042, SE=0.034, p=0.21) outcomes
(Table 2).

The effect of AL on executive function was significant in people with
depression (f = —0.1962, SE=0.0644, p = 0.0024) but not in people
without depression (p = —0.0106, SE=0.0279, p = 0.70) (Fig. 1b). AL
did not predict a significant episodic memory decline in people with
(p = —0.1415, SE=0.0976, p=0.14) or without (B =0.0119,
SE=0.0362, p = 0.74) depression (Fig. 1c).

Johnson-Neyman interval analysis on individual cognitive domains
revealed an effect of depression on executive function that was positive
in individuals with the lowest AL scores and negative in individuals with
higher AL scores (Fig. 2b). At AL Z-scores below — 1.31 (8.76 % of
participants), depression had a significant positive effect on executive
function, while participants with AL scores 1.17 standard deviations
above the norm (12.47 % of participants) had a significant negative
effect of depression history on executive function.

For episodic memory, within the observed range of moderator
values, a history of depression predicted decline in those with AL Z-
scores greater than — 0.37 (58.24 % of participants) (Fig. 2c).

3.5. Physiological domain-specific moderation effects

Exploratory linear regression models were conducted with Z-scores
for each of the seven physiological domains assessed in the AL composite
score separately. Only inflammation interacted with depression history

Standardized regression estimates of predictors on Wave 3 cognition scores for 3 models under FIML and listwise deletion. Effects are represented as regression es-

timate (standard error).

FIML Model 1! Model 22 Model 3% Listwise deletion Model 1! Model 22 Model 32
Cognition Baseline depression -0.029 (0.028)  -0.054 -0.041 (0.026)  Baseline depression -0.086 (0.082)  -0.165 -0.113
composite (0.026)* (0.077)* (0.078)
AL -0.079 -0.006 (0.032)  0.027 (0.033) AL -0.078 -0.005 (0.032)  0.028
(0.033)* (0.033)* (0.034)
Depression*AL -0.057 (0.031) -0.064 -0.060 Depression*AL -0.058 (0.031) -0.066 -0.056
interaction (0.029)* (0.028)* interaction (0.029)* (0.028)*
Executive FIML Model 1! Model 22 Model 3° Listwise deletion Model 1! Model 22 Model 33
function
Baseline depression 0.007 (0.024) 0.000 (0.023) 0.002 (0.023) Baseline depression 0.020 (0.070) 0.001 (0.067) 0.014
(0.069)
AL -0.084 -0.011 (0.027)  0.016 (0.031) AL -0.084 -0.011 (0.027)  0.015
(0.027)* * (0.027)* * (0.031)
Depression*AL -0.057 -0.067 -0.068 Depression*AL -0.057 -0.068 -0.064
interaction (0.027)* (0.025)* * (0.025)* * interaction (0.027)* (0.025)* * (0.026)*
Episodic FIML Model 1! Model 22 Model 3° Listwise deletion Model 1! Model 2% Model 33
memory
Baseline depression -0.043(0.033) -0.077 -0.058 (0.030)  Baseline depression -0.127 (0.094)  -0.230 -0.166
(0.030)* (0.089)* (0.090)
AL -0.078 -0.014 (0.037) 0.017 (0.038) AL -0.075 -0.012 (0.037) 0.019
(0.038)* (0.038)* (0.039)
Depression*AL -0.037 (0.036)  -0.040(0.033)  -0.035(0.032)  Depression*AL -0.038 (0.036)  -0.042(0.034)  -0.032
interaction interaction (0.033)

Bold text indicates p < 0.05; * p < 0.05; ** p < 0.01, *** p < 0.001.

!Model 1: adjusted for corresponding cognitive Z-scores at MIDUS wave 2. Under listwise deletion, 607 non-depressed and 98 depressed participants were included for
cognition composite and episodic memory analyses, while 608 non-depressed and 99 depressed participants were included for executive function.

2Model 2: model 1 + covariates sex, age, race, education and income. 606 non-depressed and 98 depressed participants for cognition composite and episodic memory,
and 607 non-depressed and 99 depressed participants for executive function, under listwise deletion.

3Model 3: model 2 + covariates antidepressant use, comorbidities, exercise and smoking. 603 non-depressed and 97 depressed participants for cognition composite and
episodic memory, and 604 non-depressed and 98 depressed participants for executive function, under listwise deletion.
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Fig. 1. Allostatic load Z-score vs. cognition by depression group. Shaded regions indicate 95 % confidence intervals. Outcomes are a) cognition composite scores, b)
executive function scores, and c) episodic memory scores. Red: non-depressed at wave 1; blue: depressed at wave 1. Model 2 regression slopes (adjusted for cognition

at wave 2, sex, age, race, education, and household income).

to predict a significant decline in composite cognition (p = —0.074,
SE=0.034, p = 0.029); (Table S2).

For individual cognitive domains, lipid metabolism interacted with
depression significantly to predict a decline in executive function
(p = —0.085, SE=0.027, p = 0.002), while there was no significant
interaction between depression and any physiological domain predict-
ing a decline in episodic memory (Table S2).

3.6. Sensitivity analyses

When including CIDI-SF from waves 2 and 3 as covariates the results
were highly consistent with those of the main analyses (Table S3).

In sensitivity analyses in men and women separately, the effect sizes
for the interaction between AL and depression were consistent with
those from the unstratified models, although the effect sizes for overall
cognition and executive function were numerically larger among
women (Table S4). These models were not powered to test significance.

In models that used AL scores unadjusted for medication use, the
results were highly consistent with those of the main analyses
(Table S5).

4. Discussion

Here we describe a moderation effect where a history of depression
interacted with allostatic load to predict cognitive decline over 9 years
in older middle-aged adults. The majority of previous studies on AL and
cognition have been cross-sectional, and many did not assess depression
or excluded participants with depression (D’Amico et al., 2020). To our
knowledge, this is the first study to examine the interaction effect of
depression and allostatic load on cognition longitudinally. In models
fully adjusted for covariates, AL and depression predicted cognitive
decline in middle-aged adults interactively but not independently.

The present finding may explain heterogeneity in cognitive outcomes
in previous studies of depression or AL. Previously, one longitudinal
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Fig. 2. Johnson-Neyman plots. Slope of depression on cognitive scores depends on AL score. Outcomes are a) cognition composite scores, b) executive function, and
¢) episodic memory. Model 2 regression slopes under listwise deletion (adjusted for executive function at wave 2, sex, age, race, education, and household income).

study from the MacArthur Study of Successful Aging found that AL
predicted cognitive decline in models adjusted for depression (Karla-
mangla et al., 2002), but that study did not test an interaction effect. The
present finding elucidates risk of cognitive decline, and it identifies a
clinically relevant risk group with depression and high AL, which may
be an important population group to target for preventive intervention.

A previous finding from the Rotterdam and Whitehall II longitudinal
studies found a significant mediation effect of scores on the Center for
Epidemiological Studies-Depression scale on the association between a
cardiometabolic risk score measured previously, and subsequent
cognitive decline (Schmitz et al., 2018). The present findings do not
preclude that effect; however, they suggest caution using mediation
analysis. The detection of an interaction between depression and AL
suggests that mediation effects involving depression and tenets of the AL
should be estimated carefully in models that take into account both
mediation and moderation effects (VanderWeele, 2016), lest they be
subject to exposure-mediator confounding.

In this study, depression predicted cognitive decline in participants
with AL greater than 0.055 standard deviations below the norm, iden-
tifying a point at which individuals were at risk. It has been proposed
that up to a point the neuroendocrine response to stress (HPA axis) is
adaptive, after which it is unable to maintain allostasis and the immune
system and possibly other metabolic/vascular processes are engaged,

adversely affecting brain function (Guidi et al., 2021; Arnaldo et al.,
2022). The results suggest that AL may be a useful construct to identify
summary risk of later cognitive decline among those with depression.

In exploratory analyses, there was a significant interaction between
AL and depression predicting executive decline, which was moderated
primarily by lipid metabolism/body composition. We were not able to
examine mechanisms; however, future studies might consider the im-
plications of these risk factors on the microvasculature and the cerebral
white matter, and/or a decline in blood flow to frontal brain regions,
both of which are involved in executive function. Cerebral small vessel
disease observed as white matter hyperintensities among other markers
on magnetic resonance imaging (MRI) (Wardlaw et al., 2013) has been
associated with executive dysfunction in late-life depression (Park et al.,
2018), and future studies might explore neuroanatomical mediators of
the metabolic indices identified in people with depression.

The interaction between depression and AL was non-significant for
episodic memory loss (Fig. 1c, Table 1). This may be consistent with
meta-analytic findings that showed an association between AL and ex-
ecutive function but not memory (D’Amico et al., 2020). High variances
in memory scores among depression groups, their relatively small
sample size, and lower test-retest reliability of the memory component
of the BTACT (Lachman et al.,, 2014) may have contributed. The
meta-analysis of D’Amico and colleagues found significant
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heterogeneity, although possible differences in rates of major depressive
disorder (MDD) between the included studies were not explored as a
potential contributor. Attempts might be made to replicate the interac-
tion effects described here in further studies.

We did not find evidence of moderation via the HPA axis or auto-
nomic domains of AL. The reason for this is unclear; however, fluctua-
tions of these systems due to circadian and other factors such as
psychosocial stressors may be larger than those of metabolic, vascular,
and immune markers and thus more representative of physiological
state than trait. Participation in the MIDUS biomarker study required
travel and an overnight stay at one of three national centres with
collection of urine, followed by a 6:30 am wakeup the following day
before blood collection and HRV measurement. The distance of travel,
disruption to the circadian rhythm, and sleep quality under those cir-
cumstances may have varied significantly between participants result-
ing in variations in autonomic and neuroendocrine markers.

It has been suggested that variations in the levels of neuroendocrine
markers may translate into long-term consequences when the neuro-
endocrine response is chronically activated and eventually dysregulated
(Arnaldo et al., 2022), which may not have been reflected in interindi-
vidual differences in the HPA axis and autonomic point measures used.
DHEA-S is considered to be a biomarker of acute stress (Dutheil et al.,
2021), and urine catecholamine levels fluctuate with both acute and
chronic stress (Akerstedt et al., 1983; Hawk et al., 2000). An example of
a more stable indicator of HPA axis dysregulation is the level of
methylation of the glucocorticoid receptor gene, which is increased with
parental stress and early-life adversity in humans (Turecki and Meaney,
2016).

In adjusted models, AL had no effect on cognition in the absence of
depression (Table 2), which suggests that the preventive utility of agents
targeting tenets of AL might be examined or tested specifically in MDD.
Few studies have investigated the preventive efficacies of treatments for
hyperlipidemia, hypertension, and inflammation on long-term cognitive
decline in people with depression. Treatments for type 2 diabetes mel-
litus have generated mixed results on protecting against cognitive
decline (Guo et al., 2014; Wu et al., 2020). In populations unselected for
MDD, the use of antidiabetic drugs, including metformin, intranasal
insulin, thiazolidinediones, incretin mimetics, and dipeptidyl peptidase
IV inhibitors, has been linked to slower cognitive decline compared to
non-users in older adults with diabetes (Wu et al., 2020; Michailidis
et al., 2022). Medications used to treat hypertension may also attenuate
cognitive decline (Gupta et al., 2020; Peters et al., 2020). Evidence for a
protective role of statins has been mixed (Zeki Al Hazzouri et al., 2022;
Zhen Zhou et al., 2021).

In this study, inflammation interacted particularly with depression
history to predict a significant decline in composite cognition. In MDD,
inflammation has garnered interest as a potential mediator of the
depression-cognition relationship, and a mediation effect has been
found in the current study population (Zainal and Newman, 2022).
Evidence for protective effects of most NSAIDs against the rate of
cognitive decline and incidence of mild cognitive impairment (MCI) has
been mixed (Coté et al., 2012; Imbimbo et al., 2010; Rivers-Auty et al.,
2020). The antibiotic minocycline, known to counteract microglial
activation (Nettis, 2021), is currently under investigation as a depres-
sion treatment and it may be more effective in people with high baseline
CRP levels (Nettis et al., 2021); however, there is minimal evidence for
its efficacy on cognition in healthy or depressed populations. In one
study of escitalopram for geriatric depression, adjunctive treatment with
memantine blocked inflammation-associated decline in executive
function over six months (Van Dyk et al., 2020). The antioxidant
N-acetylcysteine may not benefit depressive symptoms (Kishi et al.,
2020); however, some studies suggest cognitive benefits in healthy
adults or in those with AD (Bradlow et al., 2022; Skvarc et al., 2017),
pointing to the need to examine cognitive benefits in MDD. Similarly,
lithium has been proposed to prevent cognitive decline in AD and
related disorders (Foster and Gallicchio, 2018) and 2 years low-dose
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lithium slowed cognitive decline vs. placebo in people with MCI (For-
lenza et al., 2019).

While studies have found that antidepressants in people with
depression improve aspects of cognition in the short term (Rosenblat
et al., 2016; Prado et al., 2018), few longer-term studies have examined
their impact on cognitive decline. One study found that long-term
treatment with a selective serotonin reuptake inhibitor (SSRI) pre-
dicted delayed progression to Alzheimer’s disease in elderly patients
with MCI (Bartels et al., 2018); however, another study assessing elderly
adults with depressive symptoms found greater cognitive decline over 6
years in antidepressant users compared to non-users (Saczynski et al.,
2015). Overall, the evidence may be inconclusive since observational
studies comparing antidepressant use vs. non-use are often subject to
confounding by indication, whereas trials are often too brief to observe
longer-term changes in cognitive trajectories. A meta-analysis of 5
studies found that the multi-modal SSRI vortioxetine improved perfor-
mance on the digit symbol substitution test over 8 weeks (Mclntyre
etal., 2016), and longer studies might be warranted to determine effects
on long-term cognitive decline. Given the current finding that depres-
sion and AL predict cognitive decline together but not independently,
successful treatment of either pathology may be preventive; however,
additional prospective studies that adjust for confounders are needed to
confirm this.

4.1. Limitations

Consensus has yet to be reached on the implications of different ways
of modeling AL; however, we followed precedents consistent with pre-
vious literature (Juster et al., 2010; Juster and Lupien, 2012; Duong
et al., 2017; McLoughlin et al., 2020). One challenge is the confounding
influence of medications. For example, an individual with diagnosed
hypertension who is taking antihypertensive drugs may have systolic
and diastolic blood pressure scores within a healthy range. The accrued
toll of the participant’s pathophysiology may thus be masked using an
agent that changes the level of the biomarker. While we considered the
presence of the treatment to indicate intrinsic homeostatic stress, other
methods have been suggested, including adjusting for medication use as
covariates in analyses, and adjusting biomarker levels for expected
changes due to medication use (Duong et al., 2017; McLoughlin et al.,
2020). A sensitivity analysis conducted in the current study suggested
consistency between the methods.

Some aspects of the MIDUS study design constrain its demographics
and thereby limit its generalizability. While random-digit dialing is a
widely used method for random sampling in large populations, it has
been suggested to select for participants with higher socioeconomic
status than the general population, including those with higher levels of
education and increased access to medical care (Glasser and Metzger,
1972; Olson et al., 1992). The biomarker study further required par-
ticipants to be in sufficient health to travel, so participants who were
most severely affected by cumulative AL may not have been represented
in the sample. Additionally, 93 % of participants in the current study
population (recruited in 1995-96) were white, which is above the
prevalence of 75-80 % estimated in the 1990 and 2000 United States
censuses (US Census Bureau, 2001). Roughly 12 % of the US population
in 1990 and 2000 was Black, compared to 2.6 % of the current cohort
(Table 1). While the second wave of the MIDUS study added a
community-based oversample of Black participants, the current analysis
was only possible in participants recruited in wave 1. Replication ana-
lyses in non-white populations and in those outside the United States are
needed.

The sample included only 97 participants with recent depression at
baseline, providing limited power to detect interactive and independent
effects on cognitive decline. Numerically, interaction effects between
depression and AL on cognition were larger in women; however, the
sample was underpowered to detect effects in either men or women
separately, or to test a formal interaction with sex. The use of the CIDI-SF
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to identify a depressive episode within the past year may have resulted
in misclassification of some participants with a history of depression,
and a 1-year history at a mean participant age of 46 provided a limited
snapshot into depression history. In supplementary moderation models
that included CIDI-SF from waves 2 and 3 as covariates, minimal dif-
ferences were seen in the effects of baseline depression, AL, and their
interaction, compared to the main analyses. Further studies should
examine whether chronicity, state or trait features, or qualitative fea-
tures of depression interact with AL to predict cognitive decline.

4.2. Conclusion

Depression was a predictor of cognitive decline in late middle age
specifically among those who developed high AL, and AL was associated
with cognitive decline specifically among people with evidence of
depression. Markers of inflammation, lipid metabolism, and body
composition may be particularly useful in predicting the likelihood of
cognitive decline in older adults with depression. Future studies should
examine whether the confluence of AL and depression is a risk factor for
dementia and whether the domains identified might serve as targets for
intervention. Neuroimaging and neurodegenerative fluid biomarker
studies may be warranted to identify relevant substrates.
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