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Abstract

Introduction: Study inclusion criteria and recruitment practices limit the generaliz-
ability of randomized-controlled trial (RCT) results. Statistical modeling could enhance
generalizability of outcomes. To illustrate this, the cognition-depression relationship
was assessed with and without adjustment relative to the target population of older
women.

Methods: Randomized participants from four RCTs and non-randomized participants
from two cohorts were included in this study. Prediction models estimated probability
of being randomized into trials from target populations. These probabilities were used
for inverse odds weighting relative to target populations. Weighted linear regression
was used to assess the depression-cognition relationship.

Results: There was no depression-cognition relationship in the combined randomized
sample. After applying weights relative to a representative cohort, negative relation-
ships were observed. After applying weights relative to a non-representative cohort,
bias of estimates increased.

Discussion: Quantitative approaches to transportability using representative samples

may explain the absence of a-priori established relationships in RCTs.
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1 | INTRODUCTION

Issues of limited generalizability arise when outcomes from a recruited
sample do not represent findings observed or expected in a target
population.’=2 Limited generalizability issues can be potentially miti-
gated either through broad recruitment criteria or through statistical
adjustment of data. Recruitment of diverse and socioeconomically
representative populations for randomized-controlled trials (RCTs)
is often acknowledged* ¢ and strategies for such recommended.”~?
These latter recommendations should facilitate greater generalizabil-
ity of RCT data if recommended recruitment objectives are achieved.
Statistical approaches addressing selection bias of RCTs may extend
inferences from a clinical trial cohort to a target population and
potentially enhance generalizability of trial data.21%11 The population
participation model assumes that participants are randomized into a

2,10

RCT with a known probability of selection,~*° which under the super-

population framework may be drawn from a logistic distribution.1012
An inverse odds of sampling weights approach potentially opera-
tionalizes transportability of findings from a RCT cohort to a target
population.10-12

Small sample sizes are a limiting factor of generalizability.!® Recruit-
ing a heterogenous population reflective of a target population is
challenging regardless of the sample size of a RCT, and smaller clinical
trials are at a greater disadvantage in this respect. It is common prac-
tice to harmonize studies with similar eligibility criteria, outcomes of
interest and target population to increase heterogeneity of the pooled
sample with the goal of expanding the generalizability of the clini-
cal trial data.’* While combining and harmonizing RCTs may broaden
generalizability of data, selected cohorts for clinical trials may not be
representative of target populations, and observational findings from
populations may not reflect true associations in the target population.

The objective of the present study is to demonstrate the utility
of inverse odds of sampling weights in addressing issues of external
validity. As a proof of concept, observational findings among post-
menopausal women from four randomized studies conducted at the
Atherosclerosis Research Unit at the University of Southern Cal-
ifornia (ARU) were transported to a target population from two
non-randomized observational studies. The a-priori established rela-
tionship between depression and cognition, ascertained and validated

15-20 was assessed in the

in different community and clinical cohorts,
USC ARU cohort with and without weighting relative to the Health and
Retirement Study (HRS) as a target population. HRS is a survey of arep-
resentative sample of US older adults born between 1931 and 1959
with oversampling of certain demographic groups.2222 As a secondary
objective, the depression-cognition relationship in the ARU population
was assessed weighted relative to Alzheimer’s Disease Neuroimaging
Initiative (ADNI) as a target population. ADNI is a clinical cohort col-
lecting high quality biomarker data and designed to recruit participants
according to eligibility criteria of Alzheimer’s disease clinical trials.2
While ADNI is not a representative cohort,?* it is usually referenced
for its contributions to Alzheimer’s disease research. We aim to demon-
strate that using a non-representative sample as a target population

will result in biased estimates of association.

RESEARCH IN CONTEXT

1. Systematic Review: The authors reviewed the litera-
ture using PubMed. Limited generalizability of random-
ized clinical trials is often acknowledged, but statistical
approaches addressing generalizability are not widely
implemented.

2. Interpretation: The present study describes one
approach to minimize external bias and to expand
generalizability of findings from a randomized cohort
of postmenopausal women to non-randomized target
populations of older women.

3. Future Directions: This manuscript demonstrates a para-
metric framework for mitigating external bias and for
expanding generalizability of randomized-controlled trial
(RCT) findings. Future studies could potentially use non-
parametric methods for estimation of probability of ran-
domization and consider the issue of external bias and
generalizability of RCT data under a causal estimation

framework.

2 | METHODS

2.1 | Study participants

The current study used four RCTs with a secondary trial outcome
of cognitive performance conducted at the ARU2°-28: the B-Vitamin
Atherosclerosis Intervention Trial (BVAIT, NCT00114400), Women's
Isoflavone Soy Health (WISH, NCT00118846) trial, Early versus Late
Intervention Trial with Estradiol (ELITE, NCT00114517), and the Nat-
tokinase Atherothrombotic Prevention Study (NAPS, NCT02080520).
Postmenopausal women were primarily recruited to the ARU RCTs.
Similar eligibility criteria, biomarkers, and data collection procedures
and instruments allowed for pooling and harmonizing data from the
randomized cohorts of these four RCTs for post hoc exploratory anal-
yses unrelated to the tested interventions. The nonrandomized target

populations studied were from HRS and from ADNI.

2.2 | BVAIT participants

BVAIT was a randomized, double-blind, placebo-controlled trial test-
ing whether reduction of plasma total homocysteine (tHcy) levels with
B vitamin supplementation reduces subclinical atherosclerosis pro-
gression assessed as carotid artery intima-media thickness (CIMT).2>
Participants included in the current analysis were postmenopausal
women >40 years old with fasting tHcy >8.5 umol/L and no clinical
signs or symptoms of CVD. Exclusion criteria were fasting triglyc-
erides > 5.64 mmol/L (500 mg/dL), diabetes mellitus or fasting serum
glucose > 6.99 mmol/L (126 mg/dL), systolic blood pressure >160 mm
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Hg and/or diastolic blood pressure >100 mm Hg, untreated thyroid
disease, creatinine clearance < 70 ml/min, life-threatening illness with
prognosis < 5 years, or > 5 alcoholic drinks daily. Men were included in
the original trial but excluded from the current study.

2.3 | WISH participants

WISH was a randomized, double-blind, placebo-controlled trial test-
ing whether isoflavone soy protein reduces subclinical atherosclerosis
assessed as carotid artery intima-media thickness progression.2¢ Par-
ticipants were postmenopausal women without vaginal bleeding > 1
year and serum estradiol < 20 pg/ml. Exclusion criteria were clini-
cal signs, symptoms, or a personal history of CVD, diabetes mellitus
or fasting serum glucose > 6.99 mmol/L (126 mg/dL), fasting triglyc-
erides > 5.64 mmol/L (500 mg/dL), systolic blood pressure >160 mm
Hg and/or diastolic blood pressure >110 mm Hg, untreated thyroid
disease, serum creatinine > 2 mg/dL, life-threatening iliness with prog-
nosis < 5 years, alcohol intake > 5 drinks/day or substance abuse,
taking menopausal hormone therapy, or soy, nut, or related food

allergies.

2.4 | ELITE participants

ELITE was a randomized, double-blind, placebo-controlled trial that
evaluated whether postmenopausal hormone therapy would reduce
the progression of subclinical atherosclerosis when therapy was ini-
tiated soon after menopause (< 6 years) but not when therapy was
initiated a long time after menopause (>10 years).2” Exclusion criteria
were indeterminate time-since-menopause, fasting plasma triglyceride
level > 500 mg/dl (5.65 mmol/L), diabetes mellitus or fasting serum glu-
cose > 140 mg/dl, serum creatinine > 2.0 mg/dl (177 mmol/L), diastolic
blood pressure > 110 mmHg or systolic blood pressure > 160 mmHg,
untreated thyroid disease, liver disease, life-threatening disease with
prognosis < 5 years, history of deep vein thrombosis or pulmonary
embolism, history of breast cancer, current postmenopausal hormone

therapy within 1 month of screening.

2.5 | NAPS participants

NAPS was a randomized, double-blinded, placebo-controlled clinical
trial that tested whether daily nattokinase supplementation would
reduce progression of subclinical atherosclerosis.?® Eligible partici-
pants for the original trial included healthy men and women without
clinical evidence of CVD. Specific inclusion criteria were age 55
years and older men or postmenopausal women (no uterine bleeding
for > 6 months). Exclusion criteria included: clinical signs, symptoms
or personal history of CVD, diabetes mellitus or fasting serum glu-
cose > 140 mg/dL, plasma triglycerides > 500 mg/dL, uncontrolled
hypertension (systolic blood pressure (BP) > 160 mmHg or diastolic

BP > 110 mmHg), uncontrolled tachycardia or irregular heart rate

Disease Monitoring

(i.e., atrial fibrillation), untreated thyroid disease, renal insufficiency
(serum creatinine > 2.0 mg/dL), life threatening illness with progno-
sis < 5 years, current use of lipid-lowering medication, and current
use of food supplements containing soy, soy protein, isoflavone or
other phytoestrogens, sensitivity or allergy to soy or nuts, regular
use of aspirin or other antiplatelet medication, use of anticoagu-
lants, or bleeding diatheses or tendencies. Women from NAPS were
selected for the prediction modelling to increase overall sample size

and improve model accuracy.

2.6 | HRS participants

HRS is a longitudinal survey of community-dwelling persons over age
50 in which information on income and wealth, health, cognition, and
use of healthcare services, work and retirement, and family connec-
tions are collected.?! The selected population was based on a multi-
stage area probability design involving location based stratification and
clustering with oversampling of Hispanic and Black households.?122
Women who completed the 2016 HRS interview, were previously
enrolled in HRS, and did not live in a nursing home were enrolled
in 2016 HRS biomarker study and were thus selected for the cur-
rent study. Consistent with the ARU trial criteria, participants were
excluded from the target population if they had diabetes mellitus, his-
tory of cardiovascular disease, or biomarker levels above the exclusion
threshold of ARU trials. Participant demographics and background
information, physical conditions such as blood pressure, diabetes, CVD,
arthritis, and dyslipidemia, as well as fasting blood biomarkers of
total and high-density lipoprotein (HDL) cholesterol and glycosylated
hemoglobin (HbA1c) were used to construct the representative target
population.

2.7 | ADNI participants

ADNI is a consortium of universities and medical centers in the United
States and Canada established to develop standardized imaging tech-
niques and biomarker procedures in cognitively normal individuals,
individuals with mild cognitive impairment, and individuals with mild
Alzheimer’s dementia.2® Enrolled individuals were between 55 and 90
years of age (inclusive) and were required to have a study partner to
provide an independent evaluation of functioning. All individuals were
required to have a Hachinski Ischemic Score of less than or equal to 4;
permitted medications stable for 4 weeks prior to screening; a Geri-
atric Depression Scale score of less than 6; a study partner with 10+
hours per week of contact either in person or on the telephone and
who could accompany the participant to the clinical visits; visual and
auditory acuity adequate for neuropsychological testing; good general
health with no diseases precluding enrollment; six grades of education
or work history equivalent; and ability to speak English or Spanish flu-
ently. Women had to be sterile or 2 years past childbearing potential.
Cognitively unimpaired women were selected for the current study,

to match the women selected from the four ARU trials. Additionally,
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participants who took medications for diabetes mellitus, and had
biomarker levels above ARU trials’ exclusion threshold were excluded
from the present study. The protocols for all studies were approved by
the Institutional Review Boards of the respective institutions, and all
participants provided written informed consent.

2.8 | Consent statement
The protocols for all studies were approved by the Institutional Review
Boards of the respective institutions, and all participants provided

written informed consent.

2.9 | Depression assessment

All participants from the four ARU RCTs were surveyed for depressive
symptoms using the Center for Epidemiological Studies-Depression
(CES-D) measure.2? CES-D is a 20-item measure that queries persons
to rate how often over the previous week they experienced symptoms
associated with depression, such as restless sleep, poor appetite, and
loneliness. Scores range from O to 60, with 16 serving as a cut-point
to identify individuals at risk for clinical depression. Baseline CES-D

measurement was used for the current study.

2.10 | Cognitive assessments

All randomized participants from the four ARU RCTs underwent neu-
ropsychological assessment by a single trained psychometrist using
the same cognitive battery. This battery included 14 tests commonly
administered to detect changes in executive function and verbal and
visual memory.2° Test scores were normalized to have a mean O and
standard deviation of 1. Domain-specific task scores were summed,
and inverse weighted by the inter-test correlation matrix. Baseline
cognitive assessment was used for the current study.

2.11 | Apolipoprotein E (APOE) genotyping

APOE genotyping among ARU RCT participants was conducted
using TagMan Assay-on-Demand Genotyping Service (Applied
Biosystems).31 Genotyping in ADNI was performed using Illumina
HumanOmniExpress BeadChip methodology.3? Genotyping in HRS
was performed using Illumina’'s Human Omni2.5-Quad (Omni2.5)
BeadChip methodology.3® Participants with at least one e4 isoform
were treated as APOE-e4 (APOE4) carriers.

2.12 | Statistical methods

Cohorts were analyzed to identify common demographic, health, and

biomarker characteristics collected in all studies. Variable distributions

and frequencies among randomized participants and non-randomized
participants in HRS and ADNI were compared using effect size esti-
mates (Cohen’s D for continuous covariates and Cramer’s V for
categorical variables).

Inverse odds of sampling weights were used to transport findings
from the randomized sample to the target populations. Weighted logis-
tic prediction models were created to estimate the probability of being
randomized into an ARU trial, assuming all participants came from
the target population represented by HRS. HRS participants’ survey
weights were used for the weighted logistic regression. ARU partici-
pants had assigned weight of 1. No weighting was applied for the ARU-
ADNI prediction model. Shared demographic characteristics, health
and biomarker measurements were treated as potential predictors
for the preliminary model. Contingency tables and univariate logistic
regressions with cohort (randomized vs. non-randomized) as an out-
come were used to determine whether a variable should be included in
the primary prediction model (p-value cutoff = 0.15). A primary main
effects model was selected using best subsets regression; the model
with the lowest Akaike information criterion was selected as the pri-
mary model. Linearity of continuous predictors was assessed using
fractional polynomials. Non-linear order terms were added to analyses
for variables failing linearity assumptions. Interactions between pre-
dictors were considered, and interactions with p-value < 0.10 were
added to the model. Model classification statistics used an empirical
cut-point following Liu’s method.3* Area under the receiver operat-
ing characteristics (ROC) curve, as well as sensitivity and specificity,
and accuracy at the cut-point were reported for prediction mod-
els. Model-predicted odds of being enrolled into a randomized trial
were estimated and inverted to construct participant-level weights for
subsequent regression analyses using the ARU population.

The association between depression symptoms and global cognition
in the ARU randomized cohort was assessed using unweighted lin-
ear regression without consideration of participation probabilities. The
same association was assessed using weighted least squares regres-
sion to estimate the association adjusted for representativeness to the
target population; regression weights were the inverse odds of trial
participation selection from the logistic HRS/ARU and ADNI/ARU mod-
eling. Age, education, race, and APOE4 carrier status were included
as covariates. Regression assumptions were checked through statis-
tical testing and visual inspection. Observations were assumed to be
independent from each other a-priori. Homoskedasticity and linearity
assumptions were tested using a visual inspection of the regression
residuals versus fitted values scatterplot. Normality assumption was
tested using a combination of visual and quantitative inspection of the

distribution of residuals.

3 | RESULTS
3.1 | Participant demographics

A total of 1329 randomized postmenopausal female participants
(n = 164 enrolled in NAPS, n = 176 in BVAIT, n = 639 in ELITE, and
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FIGURE 1
non-randomized clinical cohort.

n = 350 in WISH), and 2477 non-randomized participants (n = 630
in ADNI, n = 1847 in HRS) were selected for the prediction mod-
elling (Figure 1). Nine hundred and twenty participants with com-
plete genotyping, demographic, and cognitive screening results were
selected for subsequent weighted analyses. There were differences
in all common demographic variables between the three cohorts
(Table 1). ARU participants had higher BMI compared to participants
in ADNI, and lower BMI compared to those surveyed for HRS. Sim-
ilarly, participants in ARU trials had lower systolic blood pressure
(SBP) and diastolic blood pressure (DBP) compared to participants
in HRS and ADNI. Randomized participants were younger than non-
randomized participants, were more educated, and had higher total
cholesterol. Additionally, randomized participants had lower propor-
tions of current smokers, were more racially diverse compared to
ADNI participants and less diverse compared to HRS participants (due
to oversampling of Black and Hispanic households in HRS) and had
higher proportion of participants who reported their marital status as
single. Comparison of HRS participants as a cohort and as a survey
with weighting based on their inclusion in a HRS biomarker substudy
revealed differences in age, race, education, marital status, and total
cholesterol; these differences, however, were not clinically meaningful
(Table S1).

Randomized participants with complete cognitive, APOE genotyp-

ing, and CES-D questionnaires and estimated odds of selection based

Flow diagram of participant inclusion in the present study sample. Cognitively normal women from ADNI were included in the

on prediction models using HRS and ADNI as reference populations
were used for the final analyses. Mean (SD) CES-D score was 9.64
(8.27). In the final sample, participants’ mean global cognitive compos-
ite was —0.03 (1.80), mean verbal memory composite was 0.04 (1.35),
average executive function composite was —0.02 (1.34), and visual
memory composite had a mean of 0.03 (1.10).

3.2 | Prediction model

3.2.1 | HRS cohort as the target population

Using an empirical cut point of 4.4*10~5 for the model-predicted prob-
ability of enrolling in an ARU trial for classification (Table S2), the
prediction model had sensitivity of 0.80 and specificity of 0.64. Area
under the ROC curve was 0.82, and the model correctly classified
63.7% of participants. Inverse odds of selection for randomized ARU
participants had a mean of 1.07 and SD = 3.57 (range = 0.0003-62.27).

3.2.2 | ADNI cohort as the target population

Using an empirical cut point of 0.58 for the model-predicted probabil-

ity of enrolling in an ARU trial for classification (Table S3), the model
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TABLE 1 Participant demographics.
ADNI ARU
(N =630) (N =920)

BMI, kg/m2 26.3(5.29) 27.3(5.55)
SBP, mmHg 130(16.5) 120(16.3)
DBP, mmHg 72.0(10.4) 75.8(10.5)
Age, year 72.7(7.24) 60.2(8.31)
Race

Asian and other 15 (2.4%) 86 (9.3%)

Black 33(5.2%) 85(9.2%)

Hispanic 25 (4%) 140 (15.2%)

White 557 (88.4%) 609 (66.2%)
Education, years 15.3(2.73) 16.5(2.16)
Marital Status

Divorced 84 (13.3%) 245 (26.6%)

Married 398(63.2%) 505 (54.9%)

Widowed 120(19.05%) 78(8.5%)

Separated 0(0%) 14 (1.5%)

Single 28 (4.4%) 78(8.5%)
Smoking Status

Current 96 (15.2%) 44 (4.8%)

Never 413 (65.6%) 508 (55.6%)

Previous 121(19.2%) 362 (39.6%)
Total Cholesterol, mg/dL 209.6 (37.9) 223.4(34.6)
HDL, mg/dL 64.7 (16.9)

HRS Effect size Effect size
(N =27938256) (ARU-HRS) (ARU-ADNI)
28.34(6.42) 0.16 0.19
129.43(62.27) 0.13 0.6
83.9(62.58) 0.13 0.36
64.74 (10.66) 0.34 0.55
0 0.24
1486614 (5.3%)
2754104 (9.9%)
2405818 (8.6%)
21291720 (76.2%)
13.2(3.01) 2.29 0.5
0.01 0.31
4483936 (16 %)
14307450 (51.2%)
3006904 (10.8%)
6091726 (21.8%)
48240 (0.2%)
0 0.26
3815072 (13.7%)
14682608 (52.6%)
9440576 (33.7%)
204.8 (40.44) 0.36 0.39
62.07 (19.6) 0.05

Note: Mean and standard deviations of continuous variables and counts and frequencies of categorical variables are presented. Cohen’s d was calculated for
continuous variables and Cramer’s V was calculated for categorical variables as estimates for effect sizes. HRS was treated as a survey (N = 1847 with weight
associated with enrolling in biomarker substudy, representing a total of N = 27938256 participants).

predicting the probability of randomization into an ARU trial, assuming
all participants came from ADNI, had a sensitivity of 0.86 and speci-
ficity of 0.77. Area under the ROC curve was 0.90, and the model
correctly classified 83.1% of participants. Average inverse odds of
selection were 0.24 (SD = 1.14., range = 0.00002-32.03).

3.3 | Relationship between depressive symptoms
and cognitive performance

3.3.1 | Global cognition

After adjusting for age, education, race, and APOE4 carrier status,
depressive symptoms (measured by CES-D) were not associated with
global cognition among ARU participants (8 = —0.004, 95% confidence
interval (Cl) = (—0.01,0.003), p = 0.26, Table 2, Figure 1). The associ-
ation was also not apparent when using ADNI as a target population
(B=—-0.005,95% Cl =(—0.01,0.004), p = 0.26, Table 2, Figure 2). There
was a negative association between depressive symptoms and global

cognition when weighting the association using HRS as a target pop-
ulation (3 = —0.018, 95% CI = (—0.027, —0.01), p < 0.001, Table 2,
Figure 2). The average global cognition score is 0.05 SD lower per SD

increase in the CES-D score.

3.3.2 | Verbal memory

There was no apparent association between depressive symptoms and
verbal memory composite score (3= —0.003, 95% Cl = (—0.009,0.002),
p = 0.19, Table 2, Figure 2) among ARU participants after adjusting
for covariates. The association was negative (3 = —0.017, 95% ClI:
(—0.023,—0.01), p < 0.001) after generalizing the randomized popu-
lation to ADNI. Similarly, there was a negative association between
depressive symptoms and verbal memory after generalizing the ran-
domized population to HRS (8 = —0.012, 95% CI: (-0.019, —0.006),
p < 0.001, Table 2, Figure 2). This corresponds to an estimated 0.07
SD decrease in verbal performance per 1 SD increase in depressive
symptom assessment score.
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TABLE 2 Regression coefficients for global cognition and verbal memory as outcomes.

ARU Relative to Relative to ARU Relative to Relative to
cohort ADNI HRS cohort ADNI HRS
Global cognition Verbal memory
Intercept 2.87 3.11 41 2.29 28 2.68
(2.00,3.75) (2.13,4.08) (3.32,4.88) (1.60,2.98) (2.06,3.54) (2.08,3.28)
Race
Asian -1.01 -0.98 -1.32 -0.77 -0.90 -0.76
(—1.37,-0.65) (-1.67,-0.30) (-1.93,-0.71) (—1.06,—0.48) (-1.42,-0.38) (—1.23,-0.28)
Black -1.17 -1.89 -1.47 -0.50 -0.81 -0.39
(-1.5,-0.83) (-2.27,-1.52) (~1.75,~1.20) (-0.76,~0.23) (-1.11,-0.52) (-0.6,-0.17)
Hispanic -1.14 -0.78 -0.71 -0.76 -0.89 -0.42
(—1.4,-0.85) (-1.17,-0.39) (-1.17,-0.25) (-0.99,-0.53) (—2.46,0.69) (-0.78,-0.07)
Other -1.01 -0.11 -1.89 -1.01 -0.03 -1.71
(-1.9,-0.04) (—2.17,1.96) (—2.84,-0.93) (-1.77,-0.25) (~0.04,-0.02) (—2.45,-0.98)
Age, years -0.04 -0.05 -0.06 -0.03 -0.03 -0.03
(-0.05,-0.03) (~0.06,-0.03) (-0.07,-0.05) (~0.04,-0.02) (~0.04,-0.02) (-0.04,-0.02)
Education
<8th grade -1.65 -1.94 -2.01 -1.93 -1.86 -1.89
(—3.91,0.61) (—10.96,7.09) (~8.30,4.28) (-3.72,-0.16) (-8.73,5.01) (—6.74,2.97)
Some high school -2.77 -2.46 -2.43 -1.74 -3.2 -2.89
(—3.99,-1.55) (~2.95,—1.96) (-3.83,-1.02) (-0.55,-0.77) (~3.58,-2.82) (-3.98,—1.81)
High School -1.03 -0.93 -1.37 -05 -0.6 -1.07
(-1.5,-0.48) (—1.27,—0.60) (~2.03,-0.70) (-0.93,-0.07) (~0.85,-0.35) (-1.59,-0.56)
Some college -0.31 -0.16 -0.76 -0.34 -0.34 -0.62
(-0.57,-0.05) (-0.43,0.11) (-1.02,-0.50) (-0.55,-0.13) (-0.55,-0.13) (-0.82,-0.42)
Trade or business -0.07 0.04 -1.77 -0.44 -0.38 -2.85
sl (~0.65,0.5) (~0.53,0.60) (-2.29,-1.24) (~0.89,0.01) (-0.81,0.05) (~3.25,-2.45)
Graduate or 0.38 0.75 -0.04 0.07 0.08 -0.23
Bl (0.13,0.63) (0.48,1.02) (-0.32,0.23) (-0.13,0.27) (~0.13,0.28) (—0.44,-0.01)
APOEA4 carrier -0.15 -0.09 0.5 -0.20 -0.6 0.19
status (-0.3,0.07) (-0.31,0.13) (-0.28,0.73) (-0.37,-0.03) (-0.76,-0.43) (0.01,0.36)
CES-D -0.003 -0.005 -0.02 -0.004 -0.02 -0.01
(-0.01,0.003) (~0.01,0.004) (-0.03,-0.01) (~0.009,0.002) (-0.02.-0.01) (-0.02,-0.01)

Note: Weighted regression coefficients and coefficients are presented for associations relative to ADNI and HRS cohorts.

3.3.3 | Executive function

After adjusting for covariates, depressive symptoms were associated
with a decreased executive function composite score (8 = —0.006, 95%
Cl: (—0.01,-0.001), p = 0.02) among ARU participants. The association
was not apparent when weighting relative to demographic charac-
teristics of ADNI (8 = —0.003, 95% CI = (—0.008, 0.003), p = 0.34,
Table 2, Figure 2). There was a negative association between depres-
sive symptoms and executive function (8 = —0.009, 95% CI = (—0.015,
—0.004), p = 0.001, Table 3) when weighting relative to demographic

characteristics of the HRS cohort. One SD increase in CES-D score may

decrease the estimated executive function score by 0.06 SD.

3.34 | Visual memory

There were no depressive symptoms-visual memory relationships in
ARU cohort (8 = 0.002, 95% CI = (—0.003, 0.006), p = 0.4) and when
weighting relative to HRS (8 = —0.003, 95% CI = (—0.008, 0.002),
p = 0.27, Table 3, Figure 2). There was a positive association between
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FIGURE 2 Coefficients for depressive symptoms-cognitive domain relationship. The relationships are adjusted for age, race, education, and
APOE4 carrier status. Blue lines represent the association in ARU sample (unadjusted), orange lines represent the coefficient after weighting
relative to ADNI, and green lines represent the coefficient of the relationship after weighting relative to the HRS cohort. Panel A represents the
relationship between CES-D and global cognition, B between CES-D and verbal memory, C between CES-D and executive function, and D between

CES-D score and visual memory.

depressive symptoms and visual memory when weighted relative to
ADNI ((3=0.014, 95% CI = (0.008,0.019), p < 0.001, Table 3, Figure 2).

4 | DISCUSSION

The present study assessed generalizability of findings from random-
ized clinical trial participants (ARU) to an observational clinical cohort
(ADNI) and to the general aging US population (HRS). We found that
ARU participants were not representative of the general population
(HRS), as evidenced by differences in covariate distributions and the
lack of the established association between depressive symptoms and
cognitive performance. However, weighting the non-representative
sample relative to a reference dataset with oversampling of Black and
Hispanic households aligned the estimates with findings from larger
community-based samples and addressed the issue of generalizabil-
ity in randomized studies. Moreover, we showed that the choice of
an appropriate cohort for the target population is critical since the
reference cohorts themselves may not be representative of a target
population. We demonstrated this by separately harmonizing ARU and
ADNI cohorts, and ARU and HRS cohorts by selecting common demo-
graphic variables between the cohorts. These harmonized datasets
were used to estimate the inverse odds of ARU trial inclusion rel-
ative to the harmonized demographic characteristics, and estimated
the depressive symptoms-cognition associations using the weights
relative to ADNI and HRS.

A meta-analysis combining evidence from 62 studies represent-
ing 21,544 participants showed that female sex was related to more
severe depressive symptoms in dementia than male sex.> Studies
have identified late life depression as a modifiable risk factor for
dementia, with a population attributable fraction for dementia risk
of 3.9%.1° Compared to APOE4 non-carriers, APOE4 carriers with
depressive symptoms were more susceptible to tau accumulation in
the amygdala and entorhinal cortex among non-demented participants
of the Framingham Heart Study PET imaging substudy, identifying a
potential mechanism linking depression, geneticrisk factors, and cogni-
tive decline.3¢ Additionally, racial differences were observed between
depressive symptoms and cognition, identifying race as a confound
and indicating the need for adjustment for race in the analyses.?”
Moreover, depressive symptoms (measured with CES-D) are associ-
ated with poor cognitive performance among HRS participants.3€ Thus,
lack of association in the ARU cohort may be attributed to the lack of
representativeness in this cohort or to over-representation of Black
participants in HRS.

Generalizability theory (G-theory) is a framework to general-
ize inferences from a randomized trial to a target population.3?
Inverse odds of selection weighting (IOSW) approach can be used to
enhance generalization, after harmonizing baseline covariate data of
randomized participants with those of a non-randomized sample.!? It
has been shown that non-nested trial participation - where the trial
and target populations do not come from the same population (as in the

case of ARU trial participants and ADNI and HRS as target populations)
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TABLE 3 Regression coefficients for executive function and visual memory as outcomes.
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ARU Relative to Relative to ARU Relative to Relative to
cohort ADNI HRS cohort ADNI HRS
Executive function Visual memory
Intercept 3.52 5.34 5.12 151 -0.13 1.26
(2.92,4.14) (4.7,5.98) (4.61,5.63) (0.93,2.10) (-0.79,0.53) (0.8,1.73)
Race
Asian -0.77 -0.48 -1.02 -0.26 -0.88 -0.58
(-1.02,-0.52) (—0.93,-0.03) (—1.42,-0.62) (~0.50,—0.01) (—1.33,-0.43) (-0.95,-0.21)
Black -0.85 -153 -0.81 -0.13 -0.79 -0.42
(—1.08,-0.61) (-1.77,-1.28) (~0.99,-0.62) (~0.36,0.09) (—1.04,-0.54) (~0.58,-0.25)
Hispanic -1.12 -0.74 -0.81 0.004 0.05 0.18
(-1.32,-0.91) (~1.00,—0.48) (-1.11,-0.50) (~0.19,0.20) (~0.24,0.33) (~0.09,0.46)
Other -0.71 -0.04 -0.46 0.25 047 -0.57
(—1.38,—0.04) (-1.40, 1.32) (-1.09,0.17) (~0.39,0.90) (-0.89, 1.83) (—1.14,0)
Age, years -0.05 -0.08 -0.07 -0.03 -0.01 -0.02
(~0.06,—0.04) (-0.09,-0.07) (-0.08,-0.07) (-0.03,-0.02) (-0.02,-0.0003)  (—0.03,-0.02)
Education
<8th grade -0.26 -1.35 -0.77 -0.99 0.7 -0.23
(~1.83,1.30) (~7.28,4.58) (~4.9,3.36) (~2.50,0.52) (~5.23,6.63) (~3.98,3.53)
Some high school -2.79 -2.46 -2.21 -0.36 1.39 0.72
(—3.64,—1.94) (-2.78,-2.13) (-3.13,-1.29) (~0.004,0.76) (0.84,1.94) (~0.53,1.96)
High School -0.61 -0.67 -1.02 -0.44 0.2 -0.12
(-0.99,-0.23) (—0.89,—0.45) (—1.45,-0.58) (~0.80,—0.07) (~0.02,0.42) (-0.51,0.28)
Some college -0.27 -04 -0.73 -0.05 0.48 0.14
(—0.46,—0.09) (-0.58,-0.22) (-0.91,-0.56) (-0.22,0.13) (0.3,0.66) (-0.01,0.3)
>Trade or -0.45 -0.67 -1.53 0.38 1.23 -0.61
mrginesEEEiee) | g g (~1.04,-0.3) (-1.88,-1.19) (~0.004,0.76) (0.86, 1.60) (~0.93,-0.3)
Graduate or 0.29 0.15 -0.19 0.19 0.94 0.39
Bl (0.12,0.47) (-0.03,0.32) (-0.37,-0.01) (0.02,0.35) (0.77,1.12) (0.23,0.55)
APOEA4 carrier -0.1 0.05 0.6 0.09 0.18 -0.04
status (~0.25,0.06) (-0.09,0.19) (0.45,0.75) (~0.06,0.23) (0.03,0.32) (~0.18,0.09)
CES-D -0.006 -0.003 -0.009 0.002 0.01 -0.003
(-0.01,-0.001) (-0.01,0.003) (-0.015,-0.004)  (—0.003,0.006) (0.01,0.02) (~0.008,0.002)

Note: Weighted regression coefficients and coefficients are presented for associations relative to ADNI and HRS cohorts.

- can be modelled using a logistic distribution.1%12 This is crucial when
externally valid estimates of associations or intervention effects are
not guaranteed by trial design or when the external validity of the esti-
mates is not quantified.’® A possible reason for the lack of generaliz-
ability is selection bias.! Indeed, the trial selection criteria ensured that
ARU participants did not have clinical conditions prevalent in the gen-
eral population (e.g., diabetes, heart disease), were motivated to com-
plete multiple study visits, and were willing to consent to be random-
ized to receive the study treatment. IOSW approach tends to adjust for
these differences, assigning a higher weight to participants that would
be more representative of general population and penalizing partici-
pants with characteristics different from the those of population.

Overall, inverse probability weighting (IPW) of harmonized ran-
domized and non-randomized covariates generalizes findings from
a specialized cohort to general populations and corrects for selec-
tion bias to provide regression estimates closer to true associations.
This approach mirrors propensity score matching (PSM) approach for
external controls. Both approaches first create a prediction model to
estimate probability of being in the RCT. PSM then uses a matching
algorithm to restrict the external (target population) to the trial pop-
ulation while IPW approach for generalizability uses the probabilities
(propensities) to address external validity of the RCT data. The IPW
approach assumes that the cohort from which results are transported
is a subsample of the target population. When this assumption is not



100f 14 Diagnosis, Assessment

ASLANYAN ET AL.

Disease Monitoring

valid (in case of ARU and HRS/ADNI), inverse odds of selection weights
are recommended for statistical adjustment.’* IOSW are IPWs multi-
plied by (1-probability(selection into the transported cohort) and then
multiplied by the ratio of the unconditional sampling probability to the
unconditional non-sampling probability.

Confounding is a major concern in all epidemiological studies. In the
present study, we accounted for confounding at two stages. The first
stage was the prediction of ARU trial participation using both ARU and
target population data as a preparation for IOSW. Demographic and
blood based cardiovascular biomarkers were candidate predictors due
to cohort-wise differences attributable to ARU trials’ inclusion crite-
ria. At the second stage, we used confounder adjustment to reduce
bias of the estimates of the association of depressive symptoms on
cognition. This step is necessary since IOSW adjusts for cohort-wise
differences and our prediction models do not account for the associ-
ation of depressive symptoms with cognition. APOE4, age, education,
and race are known confounders of this relationship; thus, they were
included as covariates a priori. Additional potential confounders (such
as income and marital status) were considered but they did not appre-
ciably change the effect of depressive symptoms on cognition and thus
were not included in the present study. ARU studies did not collect
Alzheimer’s disease biomarkers; thus, some unmeasured confounding
may be unaccounted for in the present study. In the present study,
depression-confounder interactions did not improve our models; thus,
we did not include them in our analyses.

We made some assumptions to transport findings from ARU tri-
als to populations of older women in the US represented by HRS and
to cognitively normal women enrolled in ADNI. We assumed posi-
tivity, which requires non-zero probability of being sampled into the
ARU cohort for every combination of values of the observed con-
founders. To addess this assumption, we excluded participants in HRS
and ADNI with biomarker levels above the thresholds for ARU tri-
als and with known history of diabetes and cardiovascular diseases.
We also assumed conditional exchangeability, that assumes random
selection into the ARU cohort from reference populations within
every combination of values of the observed confounders. Conditional
exchangeability is not guaranteed but was assumed to hold based on
common characteristics of the cohorts of interest (Table 1) and on
a selection mechanism independent of the confounder distributions.
Within the ARU cohort, direct confounder adjustment addrresses con-
ditional conditional exchangeability across exposures of participants
with different characteristic profiles. Additionally, IOSW addresses
conditional exchangeability of ARU and the target population of par-
ticipants. We also assumed consistency: since the “exposure” in terms
of transportability is the selection into ARU cohorts, the mechanisms
of hypothetical assignment for a participant are well defined. We also
assume no measurement error, and that the parametric models are
specified correctly.

Our study demonstrates the utility of covariate harmonization and
prediction modelling to extend cross-sectional associations from a
highly selected clinical trial sample to a specialized clinical cohort
(ADNI) and to a community-based cohort (HRS). The presented analyt-

ical approach quantifies study generalizability when other approaches

(i.e., replication studies) are limited. While efforts to recruit more
diverse and representative samples for clinical studies should be
encouraged, analytical approaches to enhance generalizability may
be used to extend findings from non-representative clinical samples
currently available to researchers. Researchers should aim to use
analytical approaches to generalize findings when the lack of gen-
eralizability is a significant limitation to their study. Future efforts
should evaluate generalizability under a causal framework and infer
associations from other randomized trials to different target popula-

tions.
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