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Abstract
Objectives:  To characterize the extent to which brief cognitive assessments administered in the population-representative 
U.S. Health and Retirement Study (HRS) and its International Partner Studies can be considered to be measuring a single, 
unidimensional latent cognitive function construct.
Methods:  Cognitive function assessments were administered in face-to-face interviews in 12 studies in 26 countries 
(N = 155,690), including the U.S. HRS and selected International Partner Studies. We used the time point of the first cog-
nitive assessment for each study to minimize differential practice effects across studies and documented cognitive test item 
coverage across studies. Using confirmatory factor analysis models, we estimated single-factor general cognitive function 
models and bifactor models representing memory-specific and nonmemory-specific cognitive domains for each study. We 
evaluated model fits and factor loadings across studies.
Results:  Despite relatively sparse and inconsistent cognitive item coverage across studies, all studies had some cognitive 
test items in common with other studies. In all studies, the bifactor models with a memory-specific domain fit better than 
single-factor general cognitive function models. The data fit the models at reasonable thresholds for single-factor models in 
6 of the 12 studies and for the bifactor models in all 12 of the 12 studies.
Discussion:  The cognitive assessments in the U.S. HRS and its International Partner Studies reflect comparable underlying 
cognitive constructs. We discuss the assumptions underlying our methods, present alternatives, and future directions for 
cross-national harmonization of cognitive aging data.
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Population aging is a social, economic, and public health 
concern worldwide. In 2015, the global prevalence of de-
mentia was estimated at 46 million people globally, and 
this figure is projected to nearly triple to 131.5 million 
by 2050 (Prince et  al., 2015). Research into the drivers 
and outcomes of aging-related cognitive impairments and 
dementias is essential for their prevention, early detection, 
and appropriate management within families and commu-
nities and for health care systems. From a global perspec-
tive, dementia cases in low- and middle-income countries 
with large and rapidly aging populations are projected to 
rise in coming years to represent approximately 70% of 
the worldwide share by 2050 (Prince et al., 2015). Thus, 
the future of cognitive aging research requires a global per-
spective to address the changing worldwide distribution 
of cognitive impairments and dementias (Tollman et  al., 
2016). However, there has been little cross-national com-
parative research involving cognitive aging outcomes, and 
no research using cognitive assessments that have been stat-
istically harmonized using modern psychometric methods 
to ensure consistency in measurement across countries at 
differing levels of economic development.

In recent years, several countries have launched nation-
ally representative cohort studies of aging modeled after 
the U.S. Health and Retirement Study (HRS), a nationally 
representative cohort of American adults aged 50 and older 
who have been interviewed biennially since 1992 (Sonnega 
et al., 2014). The basic aspects of study design and ques-
tionnaire measures in these HRS International Partner 
Studies (IPS) are intended to be harmonized to facilitate 
cross-country comparisons. Some well-known examples 
of the HRS IPS include the English Longitudinal Study of 
Ageing (ELSA), the Chinese Health and Retirement Study 
(CHARLS), the Mexican Health and Aging Study (MHAS), 
and the Study on Global Ageing and Adult Health (SAGE; 
Kowal et al., 2012; Steptoe et al., 2013; Zhao et al., 2014). 
The HRS IPS all include brief cognitive batteries in their 
study interviews that assess multiple domains of cognitive 
function that are sensitive to aging-related changes. These 
studies use commonly administered measures, appropriate 
to each country, such as immediate and delayed recall of 10 
words, the ability to count backward from 20 to 1 or seri-
ally backward from 100 by 7s, and the ability to correctly 
state the current date, day, month, year, and the country’s 
president (or equivalent; Ofstedal et al., 2005). The cogni-
tive batteries are intended to characterize individuals across 
a broad range of cognitive ability and especially those with 
mild cognitive impairment or probable dementia.

The original HRS battery has been translated and cul-
turally adapted in various ways in each of the IPS. The con-
tent and number of cognitive test items vary across studies, 
as several have removed, substituted, or added items. For 
example, the ELSA cognitive battery added a verbal flu-
ency item involving naming animals (Banks et al., 2006), 
whereas the object recognition item using a cactus was re-
moved from the cognitive battery in South Africa, where 

cacti are not indigenous (Gómez-Olivé et al., 2018). Other 
adaptations were to help account for low population 
levels of literacy or numeracy in certain contexts, such as 
the backward 20 to 1 count being changed to a forward 
1 to 20 count in South Africa (Gómez-Olivé et al., 2018). 
Translations of word recall lists also may introduce heter-
ogeneity in cross-national batteries, as the interpretation, 
difficulty, lexical frequency, and visual imagery of words 
may differ across different languages. Furthermore, the 
HRS and each International Partner Study have different 
baseline years, with the HRS beginning in 1992 and the 
others as recently as 2015 (Table 1). In any given calendar 
year, the number of previously administered cognitive bat-
teries varies across studies. Consequently, different study 
populations have differing degrees of practice with the 
batteries in any particular year, which may be important 
because the practice can improve scores on cognitive tests 
(Vivot et al., 2016). Practice effects in cognitive testing can 
introduce substantial artificial differences in average cogni-
tive performance between study populations depending on 
the degree of previous practice (Bartels et al., 2010; Jones, 
2015; Vivot et al., 2016). When comparing cognitive data 
across studies, it may be important to include samples with 
comparable prior cognitive testing experience, to mini-
mize effects of differential practice effects on cross-national 
comparisons.

While there is a precedent for pairwise co-calibration of 
cognitive measures across studies (Chan et al., 2015), there 
has not yet been an attempt to simultaneously harmonize 
the cognitive measures from multiple studies. Item response 
theory (IRT) can be used to calibrate cognitive data when 
the number and content of cognitive items differ (Chan 
et al., 2015; Crane et al., 2008; Gross et al., 2015). IRT as-
sumes the presence of an underlying latest trait that is suf-
ficient to characterize a person’s response, and that there is 
at least one “anchor” item that performs identically across 
study populations for which the cognitive data are being 
harmonized. As long as these assumptions hold, IRT can 
be used to statistically harmonize cognitive battery data 
from different studies even when batteries are not identical 
across studies (Gibbons et al., 2014). A multi-country sta-
tistical harmonization analysis using IRT methods would 
help identify the limits of the comparability of standard 
cognitive measures across diverse country contexts and 
elucidate opportunities for cross-national comparative re-
search on the prevalence, distribution, and mechanisms of 
cognitive aging outcomes.

We therefore leveraged an IRT-based latent variable ap-
proach to investigate the degrees to which: (a) cognitive 
function data from the U.S. HRS and selected IPS measure 
a single, unidimensional latent cognitive construct, and (b) 
individual cognitive test items relate to the underlying la-
tent cognitive function constructs equivalently across the 
HRS and IPS. Knowledge of the underlying latent cogni-
tive function structure across these studies will allow future 
researchers to relate exposures of interest to the specific 
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cognitive domains represented in these studies and will 
facilitate the future statistical harmonization of cognitive 
measures across studies. We aimed to address methodolog-
ical challenges to cross-national comparisons of cognitive 
function data in older populations using the best available 
psychometric methods, with the intention of supporting the 

future statistical harmonization of cognitive assessments 
across the HRS IPS.

Method

Study Samples

We used publicly available data from 12 HRS IPS, repre-
senting 26 countries (N = 155,690; Table 1).

The HRS was selected as the reference sample. An im-
portant consideration prior to statistical harmonization is 
that cognitive test performance in the full HRS cohort in 
any recent year may be subject to strong practice effects, as 
cognitive assessments have been administered biennially to 
this study population since 1992. To compare test perfor-
mance in an experienced HRS cohort to test performance in 
test-naïve samples from other national studies could intro-
duce bias. Importantly for our purpose, the HRS includes 
“refresher” subsamples added to the lower end of the study 
age range at most biennial visits to account for the aging 
structure of the original cohort. The HRS also includes 
specific birth cohort subsamples added during the 1990s 
to broaden the total study age range, as the original 1992 
sample only included adults born from 1931 to 1941 (aged 
51–61 years at enrollment). The use of an HRS subsample 
at its first study interview would overcome practice effects 
in cognitive test performance that may be introduced by 
using the full sample at any non-inaugural interview.

We therefore restricted the HRS reference sample to the 
first-time interview of a subsample called the “Children 
of the Depression” (CODA), a birth cohort of n = 2,320 
adults born from 1924 to 1930 who were enrolled into 
the HRS in 1998 (aged 68–74 at study entry) to account 
for a missing age band of adults in the HRS at that time. 
Other more recent test-naive “refresher” subsamples were 
not utilized for this analysis, as their relatively young and 
narrow age range at study entry (51–56 years) resulted in 
insufficient age overlap compared with IPS, and a restricted 
distribution of cognitive scores.

We ensured as best possible that study populations of all 
IPS were naïve to the cognitive tests included in the study 
by selecting interview waves that represented the first cog-
nitive assessment occasion for each study population.

Cognitive Measures

The cognitive function items were taken from short 
screening instruments administered in face-to-face inter-
views to participants in each study. The cognitive test 
items included in the HRS IPS were carefully selected by 
the study investigators to be brief assessments of cognitive 
functions that are important for day-to-day function and 
are sensitive to aging-related changes, such as orientation 
to time and place, attention and calculation, spatial orien-
tation, immediate and delayed episodic memory, fluency, 
and learning and following instructions. These assessments 

Table 1.  Included Studies, U.S. Health and Retirement Study 
and Selected International Partner Studies

Country Study Year N

China China Health and Retirement 
Longitudinal Study 
(CHARLS)

2011 16,043

Costa Rica Costa Rican Longevity 
and Healthy Aging Study 
(CRELES)

2006 2,026

England English Longitudinal Study of 
Ageing (ELSA)

2002 11,778

South 
Africa

Heath and Aging in Africa: 
A Longitudinal Study of an 
INDEPTH Community in 
South Africa (HAALSI)

2015 4,927

United 
States

Health and Retirement Study, 
Children of the Depression 
Birth Cohort (HRS CODA)

1998 2,187

Indonesia Indonesia Family Life Survey 
(IFLS)

2007 21,603

South 
Korea

Korean Longitudinal Study of 
Aging (KLoSA)

2006 10,041

India Longitudinal Aging Study in 
India (LASI) Pilot

2010 1,619

Mexico Mexican Health and Aging 
Study (MHAS)

2012 5,457

China Study on Global Ageing and 
Adult Health (SAGE; China)

2010 14,280

Ghana Study on Global Ageing and 
Adult Health (SAGE; Ghana)

2010 5,096

India Study on Global Ageing and 
Adult Health (SAGE; India)

2010 11,228

Mexico Study on Global Ageing and 
Adult Health (SAGE; Mexico)

2010 2,596

Russian 
Federation

Study on Global Ageing and 
Adult Health (SAGE; Russian 
Federation)

2010 4,323

South 
Africa

Study on Global Ageing and 
Adult Health (SAGE; South 
Africa)

2010 4,050

Europea Survey of Health, Ageing, 
and Retirement in Europe 
(SHARE)

2004 29,932

Ireland The Irish Longitudinal Study 
on Ageing (TILDA)

2010 8,504

Total   155,690

aIncludes Austria, Belgium, the Czech Republic, Denmark, France, Germany, 
Greece, Ireland, Italy, the Netherlands, Poland, Spain, Sweden, and Switzer-
land.
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primarily reflect “fluid” cognitive functions, as opposed to 
“crystallized” cognitive functions that are relatively stable 
with age, such as acquired knowledge long-term memories. 
Individual cognitive test items and their overlap across 
studies are presented in Supplementary Table 1.

Statistical Approach

We used IRT-based models estimated within a structural 
equation modeling approach. The assumption that we 
test with this modeling strategy is that the HRS IPS cog-
nitive batteries represent a single, unidimensional general 
fluid cognitive function factor (Gross et  al., 2014; Jones 
et al., 2019; McArdle et al., 2009; Strauss & Fritsch, 2004; 
Wouters et al., 2010). This assumption holds if the observed 
factor structure is comparable across different studies and if 
model fit statistics are adequate in each study. Formally, this 
is called configural invariance (Bontempo & Hofer, 2007), 
and we tested this separately for single-factor models of all 
cognitive items and bifactor models with memory-specific 
and non-memory-specific subfactors. Figure 1 presents the 
generalized structures of a unidimensional model (Panel 
A) and a bifactor model (Panel B) for cognitive function. 
We incorporated memory-specific subfactors because pre-
vious research and theory on cognitive aging suggest that 
episodic memory items strongly covary with one another 
and are one of the most sensitive cognitive domains to 
aging-related changes (Salthouse, 2001, 2009). We inter-
pret the estimated factors as representing the covariance 
across their included individual cognitive items, which may 
be influenced by an individual’s level of cognitive ability as 
well as the difficulty and discrimination of the individual 
test items.

We estimated the standardized factor loadings to indi-
cate the strength of the relationship between each cognitive 
test item and its underlying cognitive factor, for both single-
factor and bifactor models, across all included studies. 
We estimated an additional memory subfactor for ELSA 
(England) and two more for The Irish Longitudinal Study 
on Ageing (TILDA; Ireland), due to their inclusion of ad-
ditional memory items. The additional memory subfactor 
in ELSA incorporated two prospective memory items. In 
TILDA, one of the additional subfactors incorporated 
two picture memory items, and the other incorporated 
two trails tasks. We assessed the fit of all models using the 
comparative fit index (CFI), root mean square error of ap-
proximation (RMSEA), standardized root mean squared 
residual (SRMR), and number of large residuals. The CFI 
and RMSEA incorporate model complexity, rewarding 
more parsimonious models. The RMSEA is sample size de-
pendent and may penalize small samples and models with 
few degrees of freedom (Kenny et al., 2015). The SRMR is 
an absolute measure of model fit that suggests the value of 
the mean residual for the model-implied correlation matrix, 
given the observed correlation matrix. Residuals were cal-
culated as the differences between Fisher’s z-transformed 

observed and model-implied correlation coefficients. We 
primarily relied on the SRMR and the number of large 
residuals to evaluate model fit, supported by the CFI and 
RMSEA. We used the following approximate thresholds to 
indicate satisfactory model fit: CFI >0.95, RMSEA <0.06, 
and SRMR <0.08 (Hu & Bentler, 1999). We considered re-
siduals more than 0.5 to be “large,” according to Cohen’s 
thresholds for effect sizes (q) (Cohen, 1988). All analyses 
were conducted using Mplus statistical software (Muthén & 
Muthén, 2017).

Cognitive test item handling
Test items were treated as categorical in confirmatory factor 
analysis models, which is consistent with IRT and uses 
polychoric correlations among test items. Immediate and 
delayed recall lists of N words (N is 10 in most studies, but 

Figure 1.  (A) A unidimensional factor analysis model in which common 
variation across observed cognitive tests is attributable to one latent 
variable, representing a cognitive function. (B) A  bifactor model, in 
which a specific subfactor is added to account for covariation between 
Tests 2 and 3 that is greater than predicted from a unidimensional 
model. Observed test scores are shown in squares, while latent or un-
observed variables are shown in circles. Arrows from latent variables to 
observed indicators represent factor loadings or relationships between 
the underlying latent variable and its observed indicators.
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8 or 3 in others) were treated as categorical variables with 
values from 0 to 10 (or 0–5). Because Mplus statistical soft-
ware does not allow categorical variables with more than 10 
categories, we recode 10-item word recall lists (which have 
11 categories) by collapsing responses of 5 and 6 words re-
called together. This reduces measurement precision at the 
middle of the ability distribution, in order to preserve preci-
sion at the tails of the distribution (i.e., the scale minimum 
and maximum). Animal fluency was coded as the number 
of mistakes subtracted from the total number of animals 
named and then recoded in binned categories (0–1, 2–5, 
6–9, 10–13, 14–7, 18–21, 22–25, and 26–29).

We estimated the single-factor and bifactor models 
using a robust weighted least squares (WLSMV) estimator. 
The WLSMV estimator makes no distributional assump-
tions about the observed data, allowing estimation with 
continuous and categorical independent variables. The 
mean is held at zero and variance at one for the latent vari-
ables; otherwise, there are no parameter constraints. The 
WLSMV estimator assumes that data are missing com-
pletely at random (MCAR). Individuals with missing data 
on all cognitive test items were excluded from this study. 
Otherwise, item-level missingness in cognitive test items 
did not preclude inclusion into this study, as missingness 
was not differential by the level of cognitive functioning or 
other factors not in the models.

Results

Sample Characteristics Across Studies

The mean (SD) ages of the included samples ranged from 
38.3 (16.7) years in the Indonesia Family Life Survey 
(IFLS) to 77.2 (9.7) years in the Costa Rican Longevity and 

Healthy Aging Study (CRELES; Table 2). Mean (SD) age 
in the HRS CODA sample was 70.4 (3.1) years. Just more 
than half of the participants were female in each study, 
which is representative of the older populations of most 
countries, given longer female than male life expectancies 
internationally (Table 2).

Cognitive Function Test Item Inclusion 
Across Studies

Across all studies, the most frequently included test items 
were the ability to state the current day of the week (10 
of the 12 studies), immediate recall of 10 words (9 of the 
12 studies), and delayed recall of 10 words (8 of the 12 
studies). All studies had at least four items in common 
with at least one other study, although many studies also 
included unique items that were not in any other study 
(Supplementary Table 1).

Single-Factor and Bifactor Model Fits 
Across Studies

The summary model fit statistics for the single-factor and 
bifactor model structures within each study are summarized 
in Table 3. We summarize model fit statistics (CFI, RMSEA, 
SRMR, number of large residuals) for single-factor general 
cognitive function models, as well as bifactor models with 
separate memory-specific and non-memory-specific cogni-
tive domains (Table 3). Detailed tables with standardized 
factor loadings for each study are given in Supplementary 
Table 2.

The single-factor models fit the data at acceptable model 
fit thresholds for 6 of the 12 included HRS IPS, indicating 

Table 2.  Sample Characteristics, U.S. Health and Retirement Study and Selected International Partner Studies

Study

Age

Female, N (%)Mean (SD) Interquartile range Range

CHARLS 59.0 (10.0) 51–65 22–101 8,536 (53%)
CRELES 77.2 (9.7) 69–84 62–111 1,288 (54%)
ELSA 64.1 (10.9) 55–72 20–90 6,764 (56%)
HAALSI 61.7 (13.1) 52–71 40–111 2,714 (54%)
HRS CODA 70.4 (3.1) 69–72 34–81 1,378 (59%)
IFLS 38.3 (16.7) 24–50 14–97 11,413 (53%)
KLoSA 61.7 (11.1) 52–70 45–105 5,791 (56%)
LASI Pilot 58.5 (11.5) 50–65 22–96 333 (20%)
MHAS 55.1 (6.2) 52–59 21–112 3,071 (56%)
SAGE (China) 60.3 (11.8) 53–69 18–99 7,665 (54%)
SAGE (Ghana) 60.1 (14.1) 52–70 18–114 2,411 (47%)
SAGE (India) 50.0 (16.6) 37–62 18–106 6,881 (61%)
SAGE (Mexico) 63.7 (14.2) 58–74 22–105 1,614 (62%)
SAGE (Russian Federation) 62.3 (13.0) 54–72 18–100 2,783 (64%)
SAGE (South Africa) 60.3 (12.4) 53–68 18–113 2,328 (58%)
SHARE 63.9 (10.6) 55–71 25–103 16,921 (56%)
TILDA 63.0 (9.4) 55–70 49–80 4,724 (56%)
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that a single, unidimensional latent general cognitive 
function construct is measured across all of these studies 
(Table 3). These studies were CRELES (Costa Rica), IFLS 
(Indonesia), Korean Longitudinal Study of Aging (South 
Korea), Survey of Health, Ageing, and Retirement in 
Europe (Europe), the SAGE family of studies, and TILDA 
(Ireland). Single-factor models did not fit the data well for 
the cognitive assessments in the CHARLS (China), ELSA 
(England), Health and Ageing in Africa: a Longitudinal 
Study of an INDEPTH Community in South Africa 
(HAALSI; South Africa), HRS CODA (the United States), 
Longitudinal Aging Study in India (LASI) Pilot (India), and 
MHAS (Mexico; Table 3). The bifactor models with sepa-
rate memory-specific and non-memory-specific subfactors 
(with additional memory-specific subfactors for ELSA and 
TILDA) fit the data better than the single-factor models 
for all of the HRS IPS (Table 3). The model fit statistics for 
the more complex bifactor models became acceptable for 
the CHARLS (China), ELSA (England), HAALSI (South 
Africa), HRS CODA (the United States), LASI Pilot (India), 
and MHAS (Mexico), such that these models fit the data in 
all included studies at acceptable fit thresholds (Table 3).

Discussion
We observed that only half of the cognitive batteries in-
cluded in 12 U.S. HRS IPS reflected a single, unidimen-
sional latent general cognitive function factor. However, 
bifactor models with separate memory-specific and non-
memory-specific domains were of a better fit to the data 
for all included studies. These results indicate that latent 
variable approaches to cross-national cognitive harmoni-
zation should incorporate memory-specific factors, and 
that further statistical harmonization of cognitive batteries 
across the HRS IPS should be possible. Although relatively 
simple latent variable models fit the data well in this study, 
common cognitive test item coverage was sparse, and we 
could not derive factors for specific non-memory cognitive 
domains, such as processing speed, fluency, or executive 
function. More comprehensive cognitive batteries, such as 
the Harmonized Cognitive Assessment Protocol (HCAP), 
may be needed to harmonize data for multiple specific cog-
nitive domains. Ultimately, this report should help facili-
tate the statistical harmonization of cognitive aging data 
from around the world to promote, as best possible, cross-
national comparisons of cognitive aging outcomes in a rap-
idly aging world.

Assumptions and Alternatives

Harmonizing cognitive function data across coun-
tries, languages, and cultures involves some intractable 
heterogeneities in data. Here, we highlight the item cov-
erage and model fit statistics for single-factor and bifactor 
models of the HRS IPS cognitive function batteries and 

discuss the necessary assumptions and potential strategies 
for their statistical harmonization. An important imme-
diate future direction for statistical harmonization research 
is to investigate differential item functioning (DIF) of the 
included cognitive batteries. DIF could be introduced 
by heterogeneity in test and study sample characteristics 
across studies (Teresi et al., 2000). For example, country-
level differences in interpretation of test items, language 
of test items, use of aids during the study interview, and 
alternate forms of items (e.g., alternate word lists) could 
contribute to differences in cognitive test item performance 
across studies, independently of true differences in under-
lying cognitive function across older populations.

Within study populations, DIF in common cognitive 
batteries has been observed according to gender, educa-
tion, race/ethnicity, and urban–rural residence (Crane 
et al., 2004; Goel & Gross, 2019; Jones, 2006; Jones & 
Gallo, 2002). Between study populations in different 
countries, differences in language and cultural interpre-
tation of cognitive test items across countries could fur-
ther contribute to DIF across studies. Chan et al. (2015) 
previously observed DIF between the ELSA (England) 
and HRS (the United States) cognitive batteries, whereby 
cognitive test items were more difficult for ELSA than 
HRS respondents, given equal levels of underlying cog-
nitive performance. Their study used data collected in 
2002 from both studies, which was the first year of ELSA 
but the 10th year of the HRS, so differential practice ef-
fects could have biased their results. While outside of the 
scope of the present analysis, the identification and char-
acterization of the many different possible sources of DIF 
across the HRS IPS cognitive batteries are an important 
future research area.

To minimize potential bias due to practice effects in 
cognitive testing, we selected time points from all studies 
that represented the first cognitive function assessment 
for as many sample members as possible. Hence, we 
restricted the HRS to the CODA sample, as it was the 
largest and oldest test-naïve HRS sample with the most 
comprehensive test item coverage. The intention is for 
the CODA sample to serve as the reference sample in 
future IRT-based statistical harmonization modeling. 
Our use of the CODA sample also meant that we did not 
make use of newer HRS items, such as those assessing 
numeracy, which is a trade-off of our decision to pri-
oritize minimizing practice effects in cognitive testing. 
CODA also had a restricted age range (68–74 years) and 
sample size relative to the full HRS sample.

Alternatively, we could have chosen a different HRS 
subsample for inclusion, such as (a) a synthetic cohort of 
first-time HRS enrollees (although most first-time enrollees 
were aged 51–56 years and had relatively low variability 
in their cognitive function scores), (b) the HRS/ADAMS 
sample (although this sample had variable prior cognitive 
testing exposure), or (c) all HRS data to-date (maximizes 
sample size and included age range, but with variable prior 
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cognitive testing exposure). We also could have chosen a 
sample from a different IPS as the reference sample. Future 
analyses that statistically harmonize the HRS IPS data 
could conduct sensitivity analyses to quantify the implica-
tions of selecting these and other samples as the calibration 
reference sample.

Limitations

The limitations of this study stem partly from the re-
quired assumptions, as discussed in the previous section. 
Another potential limitation of our approach is that the 
WLSMV estimator in Mplus assumes that missing data 
are MCAR. Although this is a potentially unrealistic as-
sumption, the majority of studies were missing less than 
5% of observations across the cognitive test items. The 
only studies missing more than 5% of observations for 
any cognitive test items were CHARLS (5%–8% missing 
across test items), SAGE Russian Federation and South 
Africa (9% and 10% missing for delayed recall, respec-
tively), and ELSA and SHARE (both missing 19%–40% 
missing on the three numeracy items, but nearly complete 
on all other items). To improve model fit and reduce any 
potential bias due to missing data patterns, items with 
more than 5% missing observations could have been 
dropped, but at the cost of reducing common item cov-
erage across studies. Alternatively, maximum likelihood 
estimation with robust standard errors (MLR estimator 
in Mplus) could be used. This estimator is more compu-
tationally intensive than the WLSMV estimator, but it 
allows for missing cognitive function data to be missing 
at random (i.e., as a function of the observed data). More 
importantly, the maximum likelihood estimators do not 
produce limited-information model fit statistics (e.g., 
CFI, RMSEA) that serve as a common language for com-
municating the adequacy of model fit. We believe that 
for this study, a principally descriptive study and assess-
ment of configural invariance of the cognitive assessment 
batteries in the HRS and IPS, the limited-information 
estimators are reasonable. However, future statistical 
harmonization analyses should use maximum likelihood 
estimation or other estimator that involves less restric-
tive assumptions about the missing data mechanism.

Future Directions for Cross-National 
Harmonization of Cognitive Aging Data

This report presents the prestatistical harmonization 
methodology and basic model fit and factor structure as-
sessment of the cognitive batteries included in the U.S. 
HRS and 11 selected IPS. The immediate future direc-
tion leading from this work is to empirically evaluate the 
equivalence of factor loadings across countries (formally, 
this is known as metric invariance) and evaluate and ac-
count for any observed DIF by country or demographic 

characteristics of study samples in the performance of 
the cognitive batteries across the HRS IPS (Bontempo & 
Hofer, 2007; Chan et al., 2015). This next step in cross-
national statistical harmonization would allow for the 
extraction of parameter estimates, such as item discrim-
ination and location on the common latent cognitive 
function variable, facilitating valid cross-national com-
parisons of the older population distribution and pre-
dictors of cognitive function. There are several important 
research questions about global cognitive aging that 
could be answered with harmonized cross-national data 
on cognitive function. For just one example, harmonized 
data would allow valid comparisons of the magnitudes of 
social inequalities in cognitive function, impairment, and 
dementia across countries. Previous research has investi-
gated the roles of structural factors such as economic de-
velopment and gender equity indicators in cross-national 
differences in cognitive outcomes (Bonsang et al., 2017; 
Skirbekk et al., 2012; Weber et al., 2014), but this impor-
tant area of inquiry remains limited without statistically 
harmonized outcome measures.

Conclusions
Across all 12 U.S. HRS IPS, a relatively simple bifactor 
model with an episodic memory factor and non-memory-
specific factor fit reasonably well. Two of these studies 
included additional memory subfactors to account for ad-
ditional memory items in their cognitive batteries. Future 
cross-national studies that harmonize cognitive aging 
data using latent variable approaches should incorporate 
memory-specific subfactors, where appropriate. More 
comprehensive and consistent measurement of multiple 
cognitive domains across countries may be needed in order 
to facilitate better cross-national comparisons of the distri-
bution and determinants of cognitive aging outcomes from 
a global perspective. A  promising future direction is the 
HCAP that has recently been implemented in several U.S. 
HRS IPS to improve the consistency and quality of cogni-
tive function assessments across diverse country contexts. 
Future research using the HCAP and other harmonized cog-
nitive measures should carefully consider the assumptions 
and statistical co-calibrations necessary to conduct valid 
cross-national comparisons of cognitive aging outcomes.
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