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Backaround Harmonization Approaches Compared Results

*»» Cognitive studies often use different cognitive tests, scales, and : : . - - -

. . . NN - Result 2: Precision improved with larger sample siz
Scoring methods, maklng exposure—cognltlon associlations IRT Co-calibration Cogxwalkr Crosswalk QESU t ecisio P O ed. t .a ger sampie size
difficult to compare across cohorts Used shared anchor items and item | Estimated an adjustment factor in the third group, where both *** For both approaches, bias distributions narrowed as

. p o . banking to estimate harmonized cognitive measures were observed, and applied this factor to | - - d ith th t stabl
*%* Item-Response Theory (|RT) co-calibration can place cognitive scores on a common translate regression coefficients from one cognitive outcome Sampie SiZ€ Increased, wi € Most stable
measures on a shared metric, but it requires item-level data, metric across groups scale to another performance observed at N = 5000. However, co-
: : : : Al : : Approximates a psychometric “gold | Can be applied to effect estimates and does not require item- : : : :
Oyerlapp_mg anchor |t.em_s, and mvarl_ant inking ﬁgr_ns with no standard,” but requires item-level level data from all studies. calibration remam_e_d more variable than COgXW8|kI’
differential item functioning — conditions often difficult to meet | |qata and valid linking items. across most conditions.

INn multi-cohort dementia research.
¢

_ . _ Figure 1. Comparison of the co-calibration and cogxwalkr approaches to crosswalking cognitive outcomes.
» Cogxwalkr is a newer effect-size crosswalking approach that
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tra.nslates.assocnatmns from one outcome scale to another . w1 | [ _Gowz e ;. o Result 3: Mean bias was small but differed by method

using a third dataset where both outcomes are observed. This “TTELL T rEEE EEEuEE peeEEE EEEEEEEEE :

may enable harmonization of published or restricted effect o A f ) ) ) a,nd scengrlo . .. . _

estimates without item-level data. o v | / e — T — “ Across simulation conditions, both cogxwalkr ar\_d co-callpra’Flon
% However, its performance relative to IRT co-calibration remains Cognmvescoresonaslhared e ———— l e ggnerauy recovergd the_target education—cognition association

unclear, motivating this simulation study. = = o acorio ranitersts o . with small mean bias (Figure 3).

- - 1 outcome 1 to outcome 2 / *»» Co-calibration estimates were often closer to zero on average,
StUd Alm& HyE OtheSIS I bygt}:t:di’wg " although negative bias appeared under the weak DIF scenario.

% We evaluated whether cogxwalkr effect-size crosswalking can | Dwen |7 hgom i “ Cogxwalkr showed modest positive bias across most conditions,

recover a target education—cognition association with with larger bias when the true education effect was stronger and

performance comparable o IRT co-calibration under realstic | T TV oo "o OF
cognitive measurement conditions. Statistical Analyses

< Hypothesis: cogxwalkr shows comparable performance to co-| For each scenario, we estimated the association between education and | Fiue 3. Meanbias of coguualkr crosswalk and co-caliration. S
calibration when both cognitive outcomes were observed ina | cognition using three outcomes:

third dataset, while performance may vary under weaker < The target cognitive outcome on the desired metric
harmonization conditions. < The IRT co-calibrated cognitive score
Data and Simulation Framework *» The cogxwalkr-crosswalked effect estimate . J I IJJ HJ ‘J I I u
We compared each method’s ability to recover the target education— *I + T 1_& +i Il . l #‘Ju _
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*» We simulated cognitive data using memory-test item b e _ _ -
cognition coefficient across simulation replications. Performance was

parameters estimated from the Alzheimer’s Disease _ _ _ , L -
Neuroimaging Initiative summarized using bias, mean bias, and variability across replications.

¢ Each simulation included two main groups with different Conion
cognitive measures and a third group in which both measures Results Method [l cocstesion [ Copmuate
were observed for developing the cogxwalkr conversion..

“» Education, defined as college+ vs. lower education, was used

as the example exposure, with a known true effect on latent

Result 1: Co-calibration showed greater variability
Across simulation replications, co-calibration estimates showed greater
variability than cogxwalkr estimates, with wider distributions of bias and
more extreme values, particularly at smaller sample sizes. This pattern
was generally consistent across DIF conditions, anchor strength, effect
size, and sample size (Figure 2).

*» Both methods were generally centered near zero bias

¢ Co-calibration (blue boxes) showed wider variability

SimU|ati0n Scenarios *»» Cogxwalkr was more stable across replications

¢ Larger sample sizes improved performance

Conclusions

cognition ofd =0.2 ord =0.4.

*» Cognitive item responses were generated using ADNI-derived
memory-test parameters, with weak or strong differential item
functioning (DIF) added in selected scenarios to test
performance under common harmonization challenges.

* Cogxwalkr effect-size crosswalking performed similarly to IRT
co-calibration in recovering target education—cognition
associations across simulated cognitive measurement scenarios.

*» This suggests that cogxwalkr may offer a practical tool for
harmonizing cognitive effect estimates when item-level data or
overlapping anchor items are unavailable.

¢ Future work should test performance under less idealized

* We evaluated performance across four harmonization

COnditionS that Varied anChor_item quallty and diﬁerential Item Figure 2. Bias of cogxwalkr crosswalk and co-calibration methods across simulation replications. COnd|t|OnS and In reaI'WorId mU|t|'COhOrt dementla StUdleS'
funCt|On|ng_ These Scenaﬂos represent IncreaSIngly " No DIF + Strong anchor No DIF+Wea.kanchor Weak DIF + Strong anchor Strong DIF + Strong anchor
challenging conditions for linking cognitive measures across HEE : . : : : .
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cohorts.
*+ Anchor items are shared cognitive test items used to link
different measures onto a common scale.
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Scenario Measurement challenge Tl . scores using data from the Alzheimer's Disease Neuroimaging

1. No DIF + strong anchors Ideal linking condition o f ' ' ' ' Cohort. Alzheimer's Dement. 2025;21:€14597.

2. No DIF + weak anchors Poorer anchor quality T = T = e |
3. Weak DIF + strong anchors Mild item non-invariance rethod B8 corsrasn o coomae Contact: H(.)da AerI Magid;
4. Strong DIF + strong anchors More severe item non-invariance Not:£5 = et size. Email: hmagid.usc.edu
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