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Abstract

Introduction: Research focusing on cognitive aging and dementia is a global endeavor.

However, cross-national differences in cognition are embedded in other sociocultural

differences, precluding direct comparisons of test scores. Such comparisons can be

facilitated by co-calibration using item response theory (IRT). The goal of this study

was to explore, using simulation, the necessary conditions for accurate harmonization

of cognitive data.

Method: Neuropsychological test scores from the US Health and Retirement Study

(HRS) and the Mexican Health and Aging Study (MHAS) were subjected to IRT anal-

ysis to estimate item parameters and sample means and standard deviations. These

estimateswere used to generate simulated item response patterns under 10 scenarios

that adjusted the quality and quantity of linking items used in harmonization. IRT-

derived factor scores were compared to the known population values to assess bias,

efficiency, accuracy, and reliability of the harmonized data.
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Results: The current configuration of HRS andMHAS datawas not suitable for harmo-

nization, as poor linking item quality led to large bias in both cohorts. Scenarios with

more numerous and higher quality linking items led to less biased and more accurate

harmonization.

Discussion: Linking items must possess low measurement error across the range of

latent ability for co-calibration to be successful.
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HIGHLIGHTS

∙ We developed a statistical simulation platform to evaluate the degree to which

cross-sample harmonization accuracy varies as a function of the quality andquantity

of linking items.

∙ Two large studies of aging—one in Mexico and one in the United States—use three

common items tomeasure cognition.

∙ These three common items have weak correspondence with the ability being

measured and are all low in difficulty.

∙ Harmonized scores derived from the three common linking itemswill provide biased

and inaccurate estimates of cognitive ability.

∙ Harmonization accuracy is greatest when linking items vary in difficulty and are

strongly related to the ability beingmeasured.

1 BACKGROUND

Neuropsychological tests are used to estimate abilities in cogni-

tive domains such as memory, language, visuospatial abilities, and

executive function. In longitudinal research on aging and dementia,

these tests can be utilized to monitor cognitive status over time

with aims of identifying risk factors for neurodegenerative outcomes,

such as cognitive decline and Alzheimer’s disease. There are a multi-

tude of these types of studies worldwide (see, e.g., https://iadrp.nia.

nih.gov/, https://hrs.isr.umich.edu/about/international-sister-studies,

https://g2aging.org/). Although such studies tend to have similar goals,

they also tend to rely upon assessment methods that are culturally

and linguistically familiar to the population of interest. For example,

the Health and Retirement Study (HRS) and the Mexican Health and

Aging Study (MHAS) are two sister longitudinal studies of aging in the

United States and Mexico, respectively, with the overarching goal to

identify determinants of healthy aging.1,2 Although the cognitive tests

used in these two studies are similar, they are not identical. Differences

in cognitive assessment methods pose challenges for making compar-

isons of group means across studies, as differences in test items can

either obscure true differences in cognitive ability or cause the illusory

appearance of group differences.3

Combining information from multiple studies with harmonization

methods can allow researchers to evaluate questions related to cross-

country/cultural differences and expand research to questions that

require more statistical power and increased generalizability (e.g.,

genome wide association studies). Harmonization methods can be

applied to compare and combine studies that are not directly com-

parable (e.g., differences in tests administered, procedures, and study

populations). Also referred to as co-calibration, harmonization encom-

passes a broad set of methods used to combine instruments adminis-

teredwith different procedures or in different populations to yield one

or more summary factor scores that can be used in subsequent analy-

ses that pool data across studies.3–5 One statistical approach to data

harmonization uses item response theory (IRT). IRT is an application of

latent variablemodels that summarizes individual responses in relation

to item and test characteristics and can be a valuable tool for pool-

ing psychometric data.6 For example, when two batteries share one

or more linking items – identical items present in both batteries – IRT

can be used to estimate traits that are assessed by both batteries. The

resulting factor score(s) are said to be harmonized across the batteries.

Although methods of harmonization using IRT co-calibration are well-

documented and growing in usage,7–9 there is still a paucity of research

evidence to guide them, such as the quantity and quality of the linking

items shared by both studies required for adequate harmonization.

The aim of this study is to leverage simulation methods to better

understand how best to harmonize cognitive tests across studies using

IRT-based methods. To date, the published literature on simulation of

https://iadrp.nia.nih.gov/
https://iadrp.nia.nih.gov/
https://hrs.isr.umich.edu/about/international-sister-studies
https://g2aging.org/
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cognitive harmonization is scant.10 In this study, we apply simulation

methods to address this knowledge gap, and specifically, to evaluate

the accuracy of IRT harmonization methods with cognitive data from

HRS and MHAS, by manipulating the quantity and quality of linking

items. Although this study utilizes the HRS and MHAS samples, our

main objective – to understand the conditions under which cognitive

aging data can be successfully harmonized – is not restricted to these

cohorts but is intended to be applicable to cognitive aging research

more broadly. We expect that these findings can contribute to under-

standing how test item overlap relates to harmonization quality, which

can inform cross-national and other cross-group research and improve

the design of future cognitive test batteries.

2 METHODS

2.1 Participants

The population parameters used to simulate data for this study were

derived from two large adult cohorts. The University of Michigan’s

HRS (https://hrs.isr.umich.edu/) is a longitudinal study of aging, which

consists of a representative United States sample of adults aged 50

years and older and their spouses. The initial cohort was selected in

1992 (and spouses invited) with subsequent studies recruiting new

subjects in waves to cover the continuum of aging over time and

by generation.1,11–13 The MHAS (http://www.mhasweb.org/) began in

2001 and is a longitudinal study of those age 50+with emphasis placed

on recruitment of subjects from urban and rural Mexico.14–17 All par-

ticipants in HRS and MHAS provided informed consent to participate

in their respective studies.

To obtain realistic values for the population parameters used to

simulate data, we examined archival data from 19,311 HRS partici-

pants and 26,018MHAS participants (totalN= 45,329). Pre-statistical

harmonization18 of these data was performed as part of the Psycho-

metric Integrative Technology for Cognitive Health Research (PITCH)

study.

2.2 Materials

Cognitive assessment in HRS and MHAS was performed using instru-

ments taken from or modeled after the Telephone Interview of Cogni-

tive Status19 and Cross-Cultural Cognitive Examination.20 Test scores

in both HRS and MHAS include orientation to the day, month, and

year (all dichotomous). We refer to these as the natural linking items.

Test scores exclusive to HRS include orientation to date, president,

and vice president (all dichotomous); backward counting (dichoto-

mous); verbal naming (two dichotomous items); serial subtraction (0–5

scale); and 10-item immediate and delayed list recall tasks (recoded

to a 0–9 scale). Test scores exclusive to MHAS include eight-item

word list learning and delayed recall tasks (0–8 scale); visual scan-

ning (recoded to a 0–9 scale), and figure copy and recall tasks (0–2

scale).

RESEARCH INCONTEXT

1. Systematic Review: A literature review was performed

using PubMed and Scopus; this was augmented by exam-

ining the reference lists from relevant published articles.

Few cognitive aging studies have used statistical meth-

ods toequate test scores across cross-national samplesor

other diverse groups.

2. Interpretation: Successful harmonization of neuropsy-

chological outcome data across groups requires common

(linking) items to be present in both samples. The current

results show that a small number of linking items may be

adequate for harmonization, but only if they are very high

in discrimination and able to capture a broad range of the

ability beingmeasured.

3. Future Directions: The methods described here can be

used to evaluate the degree to which future efforts to

harmonize cognitive data across diverse groups may be

biased or unreliable, or to design prospective collection of

research outcomes that are amenable to harmonization.

2.3 Procedure

This studywas performed using statistical simulation. All data process-

ing and analysiswere performed inRversion4.1.2.21 All harmonization

and data simulations were performed using the mirt package version

1.34.22 The code used to simulate and analyze these data can be

found at https://github.com/dmungas/harmonization-simulation. Our

analyses proceeded in five steps:

Step 1: Selecting population parameters

In step 1, we applied a unidimensional graded response model23 to

the combinedHRS+MHAS sample data to estimate the threshold and

discrimination parameters for each of the cognitive items. Resulting

factor scores from this model were used to estimate the means (MHRS,

MMHAS) and standard deviations (SDHRS, SDMHAS) of global cognition in

the two samples. The resulting sample means and SD were used to

set the population parameters in the simulation studies, as described

below.

Step 2. Generating harmonization scenarios

We generated 10 harmonization scenarios that manipulated the

linking items shared by the two groups and patterns of available data

for each group. These scenarios, which are summarized in Table 1,

were designed to represent multiple combinations of linking item

quantity (the number of linking items) and quality (the item difficulty,

represented by threshold parameters) to achieve a comprehensive

understanding of how these variations influence the adequacy of

IRT-based harmonization.

For Scenarios 1–8, we used the actual item threshold and dis-

crimination values that were estimated in step 1. For Scenario 9,

we manually changed the thresholds to values that were balanced

https://hrs.isr.umich.edu/
http://www.mhasweb.org/
https://github.com/dmungas/harmonization-simulation
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across the ability spectrum (i.e., item thresholds were changed from

sample-estimated values of ˗2.180, ˗2.433, and ˗2.724 to ˗2.180, 0,
and +2.180). For Scenario 10, we made the same alterations to the

threshold parameters and also boosted the linking item discrimination

parameters to values of 4.0 (very high discrimination). These changes

were made to systematically evaluate the differences between bal-

anced thresholds/high discrimination (Scenario 10), balanced thresh-

olds/low discrimination (Scenario 9), and imbalanced thresholds/low

discrimination (Scenario 2).

To summarize, Scenario 1 represents the optimal harmonization

condition, where all items are available as linking items. Scenario 2 rep-

resents the true status of the empirical data, with three linking items

shared between HRS and MHAS. Scenarios 3–8 explore the effects of

changing the number of linking items, from as few as one (Scenarios

6–8) to as many as twelve (Scenario 4). Scenarios 9 and 10 seek to

determinewhether – under conditions similar to Scenario 2 (three nat-

ural linking items) – the limitations of having a small number of linking

items can be mitigated by more desirable psychometric properties of

those linking items.

Step 3. Simulating item responses

In step 3, we used the IRT parameter estimates derived in step 1

to simulate item responses in Groups 1 and 2. The specific data simu-

lated was dependent upon each scenario’s item availability (Table 1). In

all scenarios, we simulated 500 data sets using the simdata function in

the mirt package. The sample size for both groups was set to n = 500

(total N = 1000) and no missing data was generated. We treated

Group 1 as the reference for comparison purposes. Population-level

SD σθG1 and σθG2 were set to the sample-estimated values of SDHRS

and SDMHAS, respectively. The simdata function works as follows: for

a given simulation, an individual respondent’s true ability level θi was
randomly sampled from a normal distribution with the specified pop-

ulation parameters θiG1∼N(μθG1,σ2θG2) and θiG2∼N(μθG2,σ2θG2). These
θi values were then used to randomly generate item response patterns

given the item threshold and discrimination parameters obtained in

step 1.

Step 4. Harmonizing simulated data

In step 4, we harmonized the simulated Group 1 and Group 2

data with one another. We began by fitting a graded response model

to the Group 1 simulated item responses to obtain parameter esti-

mates for each item (step 4a). We then re-ran the graded response

model in the combined sample (Group 1 + Group 2) with constraints

on the linking item parameters fixed to the estimates derived from

Group 1; the mean and standard deviation of the latent variable

were freely estimated (step 4b). Finally, in step 4c, the resulting dis-

crimination and threshold parameters were fixed to their population

estimates derived in step 4b, while the metric of the latent trait was

fixed to the sample-estimated mean and SD in the combined sample.

Factor scores were then estimated using the expected a posteriori

method.24 These harmonized factor scores provide an estimate of a

respondent’s true ability level (θi) and are the primary focus of our

analysis.

Step 5. Evaluating harmonized factor scores

In step 5, we evaluated the extent to which the population means

μθG1, μθG2, μθCG (the mean population θ of the Combined Group) and

individual θi values were recovered by the harmonized factor scores

in each scenario. Our criterion measures include bias, empirical stan-

dard error (ESE), root mean square error (RMSE), and the correlation

coefficient (r). Bias provides a measure of the degree to which an esti-

mated sample mean is consistently above or below the population

mean; lower absolute values are better. The ESE is a measure of the

variability in themeanharmonized factor scores; lowerESEvalues indi-

cate greater efficiency in recovering the population parameters. RMSE

is a measure of the accuracy with which the simulated respondents’

harmonized factor scores reproduced the individual data-generating θi
values; lower RMSE values indicate greater accuracy, with values< 0.3

preferred.25 Finally, r is a measure of the strength of the linear associ-

ation between the true data-generating θi values and the harmonized

ability estimates, χi; values> 0.90 are preferred.

3 RESULTS

The parameter estimates derived from the combined PITCH data set

are shown in the electronic supplement. Most of the dichotomous

items, including the three natural linking items, were of low difficulty.

Of these natural linking items, discrimination was lowest – but accept-

able – for Orientation to Day, and highest – and quite good – for

Orientation to Year. The polytomous memory items were highly dis-

criminatory and covered the range of ability well, as can be seen from

their threshold parameter estimates (see electronic supplement). Esti-

mated factor scores based on this IRT model were HRS, M = 0.011

(SD= 0.920); MHAS,M= ˗0.319 (SD= 0.996).

The simulation results, comparing the 10 harmonization scenarios

on the chosen outcome measures, are shown in Tables 2–4. Table 2

shows the results in the combined sample, whereas Tables 3 and 4

show the results for Groups 1 and 2, respectively. Figure 1 depicts the

distributions of the sample factor score means, derived from all 500

simulations, separated by scenario and group.

When interpreting these results, it is useful to consider Scenario

1, where all items were available as linking items, as representing the

most optimal conditions for co-calibration. This scenario led to excel-

lentharmonization, as evidencedby lowbias (≤0.004 inall groups), high

efficiency (ESE ≤ 0.063 in all groups), high accuracy (RMSE ≤ 0.257 in

all groups), and high reliability (r≥ 0.966 in all groups).

Poor harmonization was achieved in Scenarios 2 (three natural link-

ing items: conservative linking scenario), 6 (only one [dichotomous]

linking item of low difficulty), and 9 (three natural linking items with

balanced thresholds). These three scenarios produced factor scores

that were more biased, less precise, less accurate, and less reliable

than the other scenarios. However, it should be noted that, even in

these poorly performing scenarios, the correlations (r) between the
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TABLE 2 Simulation results for the combined group (population parameters: μθCG = ˗0.165, σθCG = 0.971).

Scenario M SD Bias (%) ESE RMSE r

1 −0.163 1.013 0.002 (1.1%) 0.032 0.255 0.969

2 −0.178 0.976 −0.013 (−7.8%) 0.090 0.380 0.932

3 −0.161 0.989 0.004 (2.2%) 0.038 0.326 0.946

4 −0.161 0.979 0.004 (2.4%) 0.034 0.355 0.935

5 −0.171 1.003 −0.005 (−3.3%) 0.034 0.318 0.950

6 −0.165 0.979 0.000 (−0.1%) 0.116 0.408 0.927

7 −0.155 0.987 0.010 (6.1%) 0.037 0.328 0.945

8 −0.166 0.990 −0.001 (−0.8%) 0.040 0.331 0.945

9 −0.161 0.986 0.004 (2.7%) 0.056 0.363 0.935

10 −0.163 0.999 0.003 (1.6%) 0.036 0.314 0.951

Abbreviations: ESE, empirical standard error; G1, item data simulated in Group 1 only; G2, item data simulated in Group 2 only; RMSE, root mean square

error; SD, standard deviation.

TABLE 3 Quality of harmonization for recovering the Group 1 populationmean (population parameters: μθG1 = ˗0.011, σθG1 = 0.920).

Scenario MG1 SDG1 Bias ESE RMSE r

1 −0.011 0.972 −0.000 0.002 0.257 0.966

2 −0.133 0.947 −0.122 0.083 0.395 0.928

3 −0.036 0.947 −0.025 0.010 0.356 0.930

4 −0.019 0.941 −0.008 0.005 0.356 0.929

5 −0.017 0.957 −0.006 0.003 0.319 0.944

6 −0.148 0.966 −0.137 0.109 0.418 0.928

7 −0.034 0.948 −0.023 0.009 0.356 0.930

8 −0.044 0.950 −0.033 0.013 0.364 0.927

9 −0.104 0.970 −0.093 0.037 0.374 0.931

10 −0.042 0.971 −0.031 0.010 0.323 0.946

Note: Bias reflects the difference betweenMG1 and μθG1 .
Abbreviations: ESE, empirical standard error; RMSE, root mean square error; SD, standard deviation.

TABLE 4 Quality of harmonization for recovering the Group 2 populationmean (population parameters: μθG2 = ˗0.319, σθG2 = ˗0.996).

Scenario MG2 SDG2 Bias ESE RMSE r

1 −0.315 1.029 0.004 0.063 0.254 0.970

2 −0.223 1.002 0.096 0.099 0.363 0.947

3 −0.287 1.014 0.033 0.067 0.293 0.960

4 −0.303 0.995 0.016 0.065 0.354 0.938

5 −0.324 1.023 -0.005 0.065 0.317 0.953

6 −0.182 0.992 0.137 0.123 0.393 0.945

7 −0.277 1.009 0.043 0.066 0.297 0.958

8 −0.288 1.013 0.031 0.069 0.293 0.960

9 −0.217 1.000 0.102 0.075 0.350 0.947

10 −0.283 1.012 0.036 0.063 0.305 0.957

Note: Bias reflects the quantity of the difference betweenMG2 and μθG2 .
Abbreviations. ESE, empirical standard error; RMSE, root mean square error; SD, standard deviation.
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F IGURE 1 Empirical sampling distributions of sample factor scoremeans derived from 500 simulations of each harmonization scenario. Each
point represents one samplemean. Boxplots showmedian, approximate 95% confidence intervals for themedian (as notches in the boxplot),
interquartile range (hinges), and 1.5 times the interquartile range (whiskers). Dashed vertical lines represent the populationmeans (μθCG = ˗0.165,
μθC2 = ˗0.319, μθC1 = ˗0.011). See Table 1 for more details about each scenario.

individual factor scores and the data-generating latent trait values

werewithin anacceptable range. Thepoorperformanceof Scenario2 is

noteworthy, as it represents theactualHRSandMHASdataavailability,

with three dichotomous orientation items available as linking items.

Aside fromScenarios 2, 6, and 9, the remaining scenariosweremore

successful at approaching the harmonization success of Scenario 1.

Whereas these other scenarios had moderate success at making unbi-

ased and efficient estimates of group means, they were less effective

for accurately estimating individual ability levels, as can be seen in

the higher than desirable RMSE values. On the other hand, the high

correlations show that the individual factor scores were strongly lin-

early related to the underlying trait. Overall, none of Scenarios 2–10

were able to match the outcomes produced by Scenario 1. However,

six of these nine made reasonably unbiased and efficient sample mean

estimates, and reliable, if not highly accurate, individual trait estimates.

We converted the linking items’ sample-estimated discrimination

and threshold parameters to item Information, and, subsequently, to

standard errors (Figure 2). In IRT, Information is a statistic that is

mathematically and conceptually related to the concept of reliabil-

ity, and inversely related to measurement error.24 Thus, the standard

errors shown in Figure 2 can be interpreted as the expected mag-

nitude of error when estimating the underlying trait (θ). Standard
errors of < 0.30 are desirable, as that threshold is often used as

a precision-based stopping rule in computerized adaptive testing.25

When comparing the standard errors in Figure 2 to the data in

Tables 2–4, the more successful harmonization scenarios were asso-

ciated with more precisely estimated (and analogously, more reliable)

factor scores.

4 DISCUSSION

There are many benefits to combining cognitive data from multiple

studies with similar, but not identical, batteries of tests. “Big data” are

needed for statistical reasons to answer many important questions

that address nature versus nurture questions. Collecting these data in

a single study is unrealistic, likely flawed (one size does not fit all when

conducting research across cultures and languages, etc.), and perhaps

impossible. Rather, findingways to leverage cognitive data in longitudi-

nal studies of aging that already exist by harmonizing (or co-calibrating)
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F IGURE 2 Standard errors for estimating cognitive ability derived from linking items’ difficulty and discrimination parameters when
estimated in the combined sample. Standard errors differ as a function of Scenario (colored lines) and the level of the underlying trait (θ; x-axis).
See Table 1 for more details about each scenario. Scenarios 7 and 8 use the same linking items and therefore can be summarized together.

can be of great benefit.3 What we have not seen in the literature thus

far is a systematic method for considering the psychometric strengths

of various linking items, both their quantity and quality, to determine

a minimum set of requirements versus an optimal scenario. These are

necessary pieces of information both for (1) considering whether it is

appropriate to combine/harmonize data from certain studies as well

as (2) for proactive design of studies so that they might be harmonized

in the future. We postulated that simulation based on realistic param-

eters, in this case, the HRS and MHAS sister longitudinal studies of

health determinants in aging, can address these important issues and

questions. The results of this simulation demonstrated that success-

ful cross-national equating of measures of cognition is quite difficult

when few linking items are available and provide guidance for charac-

teristics of linking items that are required for successful harmonization.

Notably, ensuring there are linking items that cover most of the latent

ability continuum is important; however, a more important feature is

having highly discriminating linking items, that is, items that measure

the intended construct well.

We examined many plausible scenarios reflecting different hypo-

thetical and actual representations of HRS and MHAS linking item

availability.When all items are linking items, (Scenarios 1, 4, and 5), rel-

atively unbiased cross-group comparison of means is possible. In the

scenario reflecting the naturally existing linking items thatwere fielded

in the HRS and MHAS (Scenario 2), group mean comparisons were

badly biased, especially in Group 1. Including additional low-quality

linking items (Scenario 2 vs. Scenario 6) did not resolve the bias, nor did

ensuring that the linking items spanned the full ability range (Scenario

2 vs. Scenario 9). Successful harmonization under the current pattern

of data availability (three dichotomous linking items) can be possible

when the threshold parameters spanned the full ability range andwhen

these items’ discrimination parameters are very high (Scenario 9 vs.

Scenario 10). Reasonably successful harmonization also appears pos-

sible when there is at least one single high-quality polytomous linking

item (Scenarios 7 and 8).

The literature contains numerous examples of research focused

on deriving harmonized or composite scores from different cognitive

tests administered to the same sample.26–28 However, harmonizing

cognitive data across samples – especially when the samples differ

on important dimensions such as language and culture – is an equally

important, yet less common research goal.29 Comparative, including

cross-national, studies of cognitive functioning are extremely chal-

lenging to plan.30 Cognition is a construct that is defined within the

broad environmental context of the individual.31,32 The attempt to

bring together cognitive data collected using similar methods in differ-

ent settings can use data harmonization to align measurements. Our

results suggest that co-calibration, using an IRT approach, requires

linking items with good discrimination and threshold parameters that

span the range of cognitive ability in the population. In other words,

the linking items,whencombined, shouldpossesshigh Informationand,

consequently, low standard errors (Figure 2). Linking items effectively

set the common metric of the harmonized test scores, and our results

showed that the three orientation items shared by HRS and MHAS

all were at very low difficulty levels and that the factor scores that

resulted from using these linking items would be positively biased for

MHASandnegativelybiased forHRS. Thismeans that truemeandiffer-

ences between these groupswould be obscured. In real-world settings,

systematic differences andbiases inmeasurement are unknown, unlike

this simulation study where true ability was known. Without more
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numerous or higher-discrimination linking items spanning the ability

level, unbiased comparisons between US and Mexican samples using

the cognitive tests administered in these two studies is not possible.

Despite these impediments tomaking cross-group comparisons, the

correlation between individuals’ harmonized factor scores and individ-

uals’ latent ability was high; this pattern was evident even in Scenarios

2 and 6, which showed the most bias. This finding suggests that rank-

ordering individuals within groups on the basis of their ability level

can be done, even if, on average, those individual ability estimates con-

tain higher than desirablemeasurement error. Such an approachwould

only require estimating an IRT model for each sample, not harmoniz-

ing data across samples, as long as no cross-sample comparisons were

made or interpreted as reflecting true differences in the latent trait.

This approach would support parallel analyses in the two samples to

determine if the effects of risk and protective factors on cognitive out-

comes are present in the two groups. Of course, conclusions about

how risk and protective factors might exert similar or different influ-

ences on cognition across groups depends on the assumption that the

cognitive tests are measuring the same latent trait in both groups. An

assumption underlying the IRT approach to equating is that the linking

items have the same psychometric characteristics in the two samples.

Exploring issues related tomeasurement invariance and/or differential

item functioning was beyond the scope of the current study, but future

research should evaluate how deviations from this assumption affect

cross-study harmonization accuracy.

A further limitation of this study is that the available items pro-

vided very coarse measures of cognition. The original HRS included

cognitive measures that could be easily administered over the tele-

phone in about 5 min. The MHAS was designed following the example

of the HRS. More recent developments in the HRS and MHAS studies

have included amore extensive battery of cognitive performance tests.

The Harmonized Cognitive Assessment Protocol33,34 might provide a

more appropriate context formaking cross-national comparisons if the

fielded versions of these tests include plausible linking items that have

high discrimination and span the range of underlying ability.

In conclusion, our results provide guidance for designing cognitive

assessment instruments and choosing which instruments to include

in research studies. Even just a few linking items could be adequate

for harmonization, but only if they are very high in discrimination and

able to capture a wide range of abilities. Further, the number and

quality of the items in the two studies is important to ensure reli-

ability is matched, such that differences across the two studies are

not simply due differences in error variance of the cognitive outcome

measure. In the absence of these conditions, we must find alter-

native methods to link scale scores or alternative data sources to

conduct cross-national comparisons.5 Our results also demonstrate

the utility of simulation studies as a framework for assessing the

validity of claims made from cross-national comparisons where the

construct being compared is harmonized using modern measurement

techniques. These results suggest that statistical simulation canbeuse-

ful for planning cross-sample co-calibration efforts to ensure that the

available linking items allow for unbiased harmonization of the desired

outcomes.
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