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Abstract

Objective: The aim of this study was to develop a refined method for harmonizing longitudinal
cognitive data across several large-scale studies in people with HIV (PWH), in whom cognitive
complications are common and heterogeneous in presentation.

Study Design and Setting: We developed a refined method for harmonizing longitudinal
cognitive data across five large-scale studies in PWH that used different cognitive batteries
with only some overlapping tests—Women’s Interagency HIV Study (WIHS), Multicenter
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AIDS Cohort Study (MACS), CNS HIV Antiretroviral Therapy Effects Research (CHARTER),
National NeuroAIDS Tissue Consortium (NNTC), and the HIVV Neurobehavioral Research
Program (HNRP). Traditional data harmonization methods using latent variable models focus

on crosssectional data and require the presence of common cognitive tests to serve as “linking”
assessments. However, the absence of such common tests for certain cognitive domains can
preclude the direct application of these traditional techniques. To address these challenges, we
developed a harmonization method that leveraged a second-order factor model, which capitalized
on the structural relationships among cognitive domains.

Results: Our approach yielded harmonized cognitive domain scores that are demographically
consistent across different cohorts and exhibit strong correlations with the raw or log transformed
(e.g., timed outcomes) cognitive test scores. These harmonized scores accurately reflected
variations according to age, educational status, and other demographic factors, while preserving
participants longitudinal cognitive trajectories.

Conclusion: Our harmonization methods are essential for future analyses of large-scale,
retrospective data to understand the heterogeneity in cognitive complications in PWH. These
methods can be applied to harmonize new datasets with similar measures.

Graphical Abstract

nitive data in people with HIV

Plain Language Summary

Background: People with HIV (PWH) often experience cognitive complications, which can vary
widely from person to person. To better understand individual differences in cognitive function
among PWH, we need to combine and analyze large sets of cognitive data from various studies.
However, this idea of combining data to study cognitive function in PWH has not been fully
explored.

What We Did: We created a refined method to combine, or “harmonize,” cognitive test results
from five large studies involving PWH. These studies used different sets of cognitive tests, and
sometimes didn’t have any tests in common for certain mental abilities. Traditional methods
require common tests to link the data together, so we developed a refined approach that uses the
relationships between different cognitive abilities to align the data across studies.

What We Found: Our method successfully produced consistent scores for various cognitive
domains across studies. These harmonized scores accurately reflected differences based on age,
education, and other demographic factors. Importantly, they also preserved how each person’s
cognitive abilities changed over time.

Why It Matters: Our refined harmonization method enables researchers to combine data from
multiple studies even when common cognitive tests are lacking — a limitation of traditional
methods. By harmonizing these datasets, we leverage larger sample sizes and increased diversity
from merged cohorts. This enhances understanding of cognitive complications in people living
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with HIV, potentially leading to better treatments and support. Additionally, our method can be
used to harmonize new datasets that have similar measures but use different tests.
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Cognition; Factor model; Harmonization; HIV; Psychometrics

1 Introduction

Cognitive complications are common among people with HIV (PWH). The underlying
pathophysiology of these complications are complex, and effective therapeutics are lacking.
Advances in the field have been limited by the substantial heterogeneity in clinical
presentation and the multifactorial nature of the underlying pathophysiology. This is in part
influenced by the high prevalence of comorbid conditions (e.g., substance use, coinfections,
cardiovascular and metabolic disease), antiretroviral therapy (ART) and non-ART drug use,
and social determinants of health. Although numerous studies have identified cognitive
profiles in smaller subgroups (e.g., virally suppressed [VS] PWH, PWH starting ART,
VS-women with HIV [1] [2] [3] [4] [5] [6]), no single cohort of longitudinally followed
PWH exists with cognitive data that adequately samples PWH from different geographic
locations who vary in terms of the factors contributing to heterogeneity in cognition in
PWH. Determining unbiased cognitive phenotypes using existing data and advancing our
understanding of the pathophysiology of these complications requires harmonization of
large-scale, longitudinal cognitive data from multiple cohorts. However, the application of
harmonization for cognitive data among PWH remains relatively unexplored.

Harmonizing cognitive data outside of the neuroHIV field has proven effective for
facilitating direct comparisons of cognitive outcomes across diverse cultural and
demographic populations in the context of aging and other neurodegenerative conditions [7].
To date, a variety of data harmonization methods have been employed in these populations
[8]. Latent variable models have been favored because they effectively accommodate
variations across studies, with well-developed procedures for the linear factor model and
widely-used item response theory models [9]. However, traditional data harmonization
methods based on latent variable models depend on the presence of common items to
assess the same latent trait [10], a condition often unmet due to minimally overlapping
cognitive test batteries administered across cohorts. This challenge is not uncommon in
HIV studies. For example, the Women’s Interagency HIV Study (WIHS) used the Hopkins
Verbal Learning Test-Revised (HVLT-R) to assess verbal memory whereas the Multicenter
AIDS Cohort Study (MACS) used the Rey Auditory Verbal Learning Test (RAVLT). Each
assessment uses different word lists: HVLT-R has 12 nouns with four words drawn from
each of three semantic categories, whereas RAVLT has 15 unrelated nouns. There are

no common items for harmonizing memory function [11]. Additionally, variations in test
administration can render scores incomparable. For example, the Grooved Pegboard test is
widely used across HIV cohorts, but some cohorts implemented a four-minute stopping rule
for incomplete tasks, while others used a five-minute rule. Finally, traditional literature on
harmonizing cognitive assessments primarily focuses on cross-sectional data and there is no
widely agreed-upon procedure for longitudinal data.
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We developed a refined method to harmonize longitudinal cognitive data that lack common
tests among some cognitive domains by leveraging the latent structural information among
cognitive domains. This refined approach adapts to the constraints of available data and
ensures that cognitive trajectories are consistently tracked over time, providing a more
accurate and comprehensive understanding of cognitive change in PWH.

2. Methods
2.1 Study participants

Cognitive data was harmonized across five HIV cohorts with longitudinal data (assessed
every 6 months to 2 years). Participants’ data were included in the analysis if they had
completed at least one cognitive test battery and had sociodemographic data available (age,
biological sex, race/ethnicity, education).

1. WIHS (https://statepi.jhsph.edu/wihs/wordpress/) [12] [13] [14]. Data were
collected from April 2009-March 2019 (N=2637) and included only women with
(n=1809) or without HIV (n=828).

2. MACS (https://statepi.jhsph.edu/macs/macs.html) [15]. Data were collected from
February 1991-October 2019 (N=3635) and included only men who have sex
with men, with (n=2078) or without HIV (n=1557).

3. CNS HIV Antiretroviral Therapy Effects Research (CHARTER,; https://
www.nntc.org/content/relationship-charter). Data were collected from February
2002-January 2020 (N=1528) and included primarily men (77%) with HIV.

4, National NeuroAIDS Tissue Consortium (NNTC; https://nntc.org/) [16]. Data
were collected from February 1999-July 2020 (N=1321) and included almost all
men and women with HIV (n=1316).

5. HIV Neurobehavioral Research Program (HNRP; https://
hnrp.hivresearch.ucsd.edu/). Data were from various NIH-funded research
studies at the University of California, San Diego’s HNRP. Data were collected
from May 1999-March 2020 (N=2024) and included primarily men (79%) with
(n=1216) or without HIV (n=808).

See Supplemental Materials for details on each cohort. We recognize that registering
secondary analyses is considered the best practice to promote transparency and
reproducibility. However, we did not register our study because the datasets used in this
analysis are well-established, and we do not have the necessary permissions to share
them. Table 1 provides demographic characteristics of participants (from first visit only)
contributing data from each cohort.

2.2 Cognitive assessments

Table 2 provides the cognitive tests and outcomes (raw or log transformed and reverse coded
for timed data) considered for analysis, along with their respective presence in each cohort.
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2.3 Statistical analyses

As an overview, we initially extracted data from the participants’ first visit in each cohort,
termed reference line data. Exploratory factor analysis (EFA) was performed for the
cognitive tests within each cohort. EFA was selected to identify cognitive domains that
accurately reflect the observed data structure [17]. This approach is particularly important,
as neuroHIV studies often reveal discrepancies between the empirical structure observed in
actual data and the theoretical structure described in the literature [18]. Guided by the EFA
results, we used a second-order linear factor model to address the challenge posed by the
absence of common tests for certain factors in some cohorts. We also verified the adequacy
of the proposed factor structure against the cohort’s reference line data before moving into
the harmonization procedure. WIHS contained all five factors of interest and had a larger
sample size compared to the other cohort with the five factors (HNRP). Thus, we used
WIHS as the reference cohort, harmonizing the reference line data across cohorts by fixing
parameters common in the second-order linear factor model. This step is also known as fixed
parameter calibration [19]. With each cohort’s reference line data harmonized to the same
metric, we next applied the derived parameters from each cohort’s reference line model

to their full longitudinal data, allowing us to map the longitudinal data onto the reference
line scale and provide a harmonized longitudinal cognition score for each cohort. Each
step is detailed below. For reporting guidelines [20], see supplemental section “STROBE
Statement”.

2.3.1 Determining first-order factor structure—For the cognitive tests considered,
EFA was initially performed within each cohort. We employed the following criteria to
select the appropriate tests and establish the first-order factor structure across all cohorts for
subsequent harmonization processes.

. Bayesian Information Criterion (BIC): Models were selected that exhibited lower
BIC values, suggesting better model efficiency in terms of fit versus complexity.

. Consistency Across Cohorts: A uniform factor structure for common tests was
favored to ensure the underlying constructs were measured equivalently across
cohorts.

. Exclusion Criteria: Tests exhibiting disparate primary factor structures across

cohorts or those with small loadings (<0.4) were excluded to maintain robust
factor structures.

. Sufficient Test Representation: Each factor needs to be supported by at least two
tests demonstrating high loadings for identifiability.

We then conducted Confirmatory Factor Analysis (CFA) to confirm the EFA factor structure
within each cohort by examining the following fit statistics: Comparative Fit Index (CFI),
the Root Mean Square Error of Approximation (RMSEA), and the Standardized Root Mean
Square Residual (SRMR). These statistics provide quantitative metrics on model fitting.
Generally, CFI > 0.95, RMSEA < 0.05, and SRMR < 0.05 indicates a good fit, while a
RMSEA < 0.08, and SRMR < 0.08 indicates an acceptable fit [21] [22] [23].

J Clin Epidemiol. Author manuscript; available in PMC 2026 February 01.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnue Joyiny

1duosnuen Joyiny

Lang et al.

Page 6

2.3.2 Verifying the second-order linear factor model—We fitted a second-order
linear factor model to each cohort’s reference line data, using the first-order factor structure
identified via EFA and CFA. This model incorporated a general function factor represented
by all first-order domain factors, capturing the underlying cognitive constructs across
assessments. To assess the model accuracy and adequacy, we employed the same key fit
indices as for the first-order structure (CFI, RMSEA, SRMR).

2.3.3 Harmonization of reference line data—Under the general framework of fixed
parameter calibration [19], we harmonized reference line data across cohorts, starting with
WIHS data using the proposed factor model under regular identification conditions on the
factor variance and mean [24]. We then sequentially adapted this model for other cohorts
fixing intercepts, factor loadings, and residual variances from previous cohort fittings, while
allowing free estimation of factor variances, means, and parameters for new tests that were
not included in previous cohorts. This step produced model parameters on a common scale
within and across cohort’s reference line data.

A key challenge in linking domains without common items is placing the means of these
domain factors on the same scale. We address this by using a second-order factor model,
linking the means of domain-specific factors (first-order factors) through their connection to
the general cognitive function factor. Specifically, for cohorts other than WIHS (where the
mean of the general factor is fixed at 0 for identification), we set the means of the first-order
domain factors to zero and allow the general factor’s mean to be freely estimated. This
approach ensures that the domain factor means are functions of the general factor’s mean
and their respective loadings. If a cohort has a domain without common items shared with
others, the general factor’s mean can still be placed on the same scale as the other cohorts
since it shares linking items from other domains, thereby also aligning the domain without
linking items to the same scale as well. The major assumption for this approach is that the
mean structures between the general function factor and the first-order factors should not be
highly divergent across the cohorts being harmonized.

2.3.4 Harmonization of longitudinal data—Once the reference line data across
cohorts were aligned to the same metric, we extended the harmonization to the full
longitudinal data of each cohort. We fit the proposed factor models to each cohort’s
complete data set, fixing parameters to those from the reference line phase and allowing only
factor means and variances to vary. We also calculated factor scores for each visit, providing
harmonized longitudinal cognitive scores across cohorts. Figure 1 provides a schematic

of this process. EFA was conducted using psych package [25] in R [26], while the more
complex factor models were fitted using a robust maximum likelihood estimator in Mplus
version 8.3 [27]. Mplus syntax used for reference line data harmonization and longitudinal
harmonization is available at https://github.com/BHPDataSci/DataHarmonization.

3. Results

3.1 Cohort demographics for the reference line visit

Participants included 11,145 (7947 PWH; 3198 people without HIV [PWoH]), aged 18 to
99 years-old, with 36.5% women, 38.8% Black and 15.4% Hispanic, and 79.7% completed
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>12 years of education. Across cohorts, participants differed in terms of age, education,
race/ethnicity, and proportion of PWH and visits completed (Table 1).

3.2 First-order factor structure obtained through EFA

Figure 2 illustrates the cognitive assessments included in our harmonization process and
the first-order factor structure determined by EFA in 2.3.1 (Supplemental Tables 1-5). The
structure aligned closely with standard cognitive domains and showed good performance in
first-order CFA (CFI > 0.95, RMSEA ~ 0.06, SRMR < 0.05 for all cohorts, Supplemental
Table 6 for detailed fit statistics). Five factors emerged across cohorts and were defined by
the cognitive test outcomes demonstrating the highest factor loadings: Factor 1- Declarative
Memory (verbal learning and memory test outcomes), Factor 2-\Verbal Processing Speed
(Stroop), Factor 3-Attention/Processing Speed (Trail Making Test, Paced Auditory Serial
Addition Test), Factor 4-Motor Function (Grooved Pegboard Test), and Factor 5-Language
(animal, letter, and action fluency). WAIS-I11 Digit Symbol test and Wisconsin Card Sorting
Test were excluded from the EFA due to low factor loadings and inconsistent factor
structures across cohorts.

3.3 Diagnostic statistics showed good fitting performance of second-order factor model
to reference line data

The model fitting results indicate that our models performed well across all cohorts, with
CFI values > 0.95, RMSEA ~ 0.06, and SRMR < 0.05. Details are provided in Supplemental
Figures 1-5 and Supplemental Table 7.

3.4 Raw cognitive test scores associate with harmonized factor scores

To evaluate the effectiveness of our harmonization process, we examined associations
between the raw test scores (note in the case of timed tests, these outcomes were log
transformed and then reverse scored) and their harmonized equivalents across cohorts. All
correlations were significant (#7°s<0.001) and > 0.7 between the raw or log transformed test
score and their harmonized equivalents across cohorts (details in Supplemental Table 8 (a)
and Supplemental Figure 6). Figure 3B provides an illustration of the link between Grooved
Pegboard test outcomes and Factor 5-Motor Function by cohort. The relative positions and
shapes of the log transformed/reverse scored test scores were preserved in the harmonized
motor factor scores, demonstrating that the harmonization process maintains reasonable
alignment with the raw scores.

3.5 Harmonized scores maintain expected differences across demographic variables

Next, we examined associations between sociodemographic factors (education, age, sex,
race/ethnicity, HIV status) and raw scores followed by associations with harmonized scores.
The pattern of associations between these factors with raw and harmonized scores were
similar. Trends and significant differences across demographics were consistent between raw
and harmonized factor scores (Supplemental Tables 11-18; Supplemental Figures 7-10).
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3.6 Harmonized scores preserve longitudinal trends for individuals

We analyzed the longitudinal harmonized factor scores to determine if they preserved

the trends of individuals performance over time, demonstrating the effectiveness of the
harmonization process. Figure 3C presents the longitudinal harmonized motor factor scores
for participants with more than 33 visits in the MACS cohort (n = 25). These participants
were selected for illustration because they had numerous visits across a relatively long time
interval to observe the cognitive trajectories. These trajectories highlight a general trend of
decline in motor skills as age increases which is consistent with existing research [28].

3.7 Distributions of harmonized cognition factor scores by cohorts

After applying the harmonization procedure in section 2.3.3 and 2.3.4, we obtained
harmonized reference line and longitudinal cognition factor scores. Figure 3A shows the
box plots of harmonized domain scores from each cohort. Each box plot represents the
distribution for a specific cognitive domain, with different colors denoting each cohort.

As summarized in Table 3, MACS and HNRP demonstrated better performance across all
cognitive factors whereas NNTC demonstrated the lowest performance across all cognitive
factors.

4. Discussion

We developed a refined method to harmonize cognitive data across five large-scale,
longitudinal HIV cohort studies, particularly when the test batteries measuring these
domains differed between cohorts. The harmonized scores for these cognitive domains
showed reasonable distributions aligned with the demographic characteristics across cohorts,
high correlation with the raw/log transformed test scores, and expected differentiation
according to education and age. Additionally, these scores preserved longitudinal trajectories
of individual cognitive changes. Overall, the validation analysis confirmed that our
harmonization method produced a robust and reasonable harmonization of scores. For
integration of new data, see supplemental section “Integration of new data”.

To date, various data harmonization techniques have been applied [8], the most commonly
used are standardization methods like converting performances to a common scale using T-
scores or Z-scores. However, these methods assume similar distributions across populations
and may not account for group differences. Less frequently used are multiple imputation
techniques (e.g., multiple imputation with chained equations, random forests), which
assume cognitive tests lacking direct linking are missing at random. A key debate is
whether intentionally missing variables (missing by design) can be accurately imputed, as
their missingness probability is typically one. The final category involves latent variable
modeling. Traditional approaches start with unidimensional latent variable models and

use fixed parameter calibration or concurrent calibration but often struggle due to limited
overlap of cognitive tests across cohorts. Our proposed method also fits into this category
but addresses the challenge of no common items in certain domains by introducing a second-
order factor model. This model links domains through a shared general factor, enabling
coherent scaling even without direct linking items.
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For our method to function effectively and yield meaningful results, two key assumptions
must be satisfied. First, the second-order factor model needs to fit the data adequately.
Second, the mean structures between the general function factor and the first-order factors
should not be highly divergent across the cohorts being harmonized. See supplemental
section “Detailed Explanation of Assumptions and Limitations” for more detailed
discussion. A recent study [29] proposed to linearly link domain factors with few or no
common tests to a subsuming trait (e.g., general cognitive performance) where sufficient
information exists for harmonization. This approach required standard item response theory
assumptions—unidimensionality, local independence, and suitable item response functions
—as well as stringent conditions for linear equating [30], matching relative distributions
between the subdomain and the subsuming trait, and the assumption that linked domains
are vertical reflections of the reified domains. In contrast, our method avoids the latter three
assumptions by leveraging a second-order factor model, though it introduces assumptions
about the model structure and mean consistency across cohorts. Both methods have their
applicable scenarios, and future studies should carefully assess which assumptions are
suitable for their specific context. When appropriate, results from both methods can be used
to cross-validate each other. A connection can also be found between our proposed method
and Nonequivalent Groups with Covariates (NEC) approach [31] [32]. A detailed discussion
of this connection is provided in the supplemental section “Connection with NEC”.

When interpreting the harmonized results, it is important to recognize that the factor scores
derived for latent variables not only leverage correlations among tests within their own
domains but also incorporate correlations with tests from other domains. This is due to

the nature of the second-order factor model, where first-order factors (cognitive domains)
are correlated with each other through the second-order (general cognitive function) factor,
along with the correlations observed among all cognitive tests in real data. Given the
potential for cross-domain influence, future studies should be mindful of this overlap.
Furthermore, the precision of factor scores depends on the number of tests used to measure
a domain. While fewer tests may reduce measurement bias, this comes at the cost of
reduced precision. Future studies should carefully consider this trade-off when designing
domain-specific assessments.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Abbreviations Description

HVLTTOT Hopkins Verbal Learning Test-Revised total learning across trials 1-3
HVLTDELR Hopkins Verbal Learning Test-Revised delayed free recall

RAVTOT Rey Auditory Verbal Learning Test total learning across trials 1-5
RAVIR Rey Auditory Verbal Learning Test total learning immediate recall
RAVDELR Rey Auditory Verbal Learning Test total learning delayed recall
SYDM Symbol Digit Modalities (total correct)

STRP1CV Stroop color-word test-Comalli version color naming trial-time to

complete [seconds]

STRP2CV Stroop color-word test-Comalli version word reading trial-time to
complete [seconds]

STRP3CV Stroop color-word test-Comalli version color-word interference trial-
time to complete [seconds]

STRP1GV Stroop color-word test-Golden version color naming read in 45
seconds
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STRP2GV Stroop color-word test-Golden version word reading read in 45
seconds

STRP3GV Stroop color-word test-Golden version color-word interference read
in 45 seconds

TRLA Trail Making Test: Part A time to complete [seconds]

TRLB Trail Making Test: Part B time to complete [seconds]

PASAT Paced Auditory Serial Addition Task - 50-item (total correct)

GPEGDOM Grooved Pegboard Test dominant hand-time to complete [seconds]

GPEGNDOM Grooved Peghoard Test NON-dominant hand-time to complete
[seconds]

SEMFLU Animal fluency (total correct)

VFLU Phonemic Fluency--FAS (NCO08) (total correct)

AFLU Action Fluency (total correct)
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What is new?

We developed a refined method for harmonizing cognitive data across several
large-scale studies in PWH that used different cognitive batteries with only
some overlapping tests, unlike traditional methods that require common tests
as linking tests.

The harmonized scores accurately reflect variations, according to age and
education status, while preserving the longitudinal cognitive trajectories of
participants.

Our harmonization methods are essential for addressing future analyses to
understand the heterogeneity in cognitive complications in PWH.

These results and parameters can be used to harmonize new datasets with
similar tests.
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Highlights

. Developed a refined method for harmonizing longitudinal cognitive data in
HIV

. Refined approach uses the structural relationships among cognitive domains

. Harmonized cognitive domain scores strongly correlate with raw test scores

. Harmonized scores show similar patterns by demographics and HIV-status
across cohorts

. Methods may enhance clinical utility by promoting generalizability in the
study of cognition in HIV

. Approach facilitates the ability to address future analyses to understand the

heterogeneity in cognitive complication in HIV
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Figure 1.
Harmonization procedure.
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Figure 3.

A) Harmonized factor scores for the five HIV cohort; B) harmonized motor function factor
scores distribution compared with the raw tests scores distribution; and C) longitudinal
harmonized motor factor scores for participants with more than 33 visits in MACS.

Each colored line represents one participant, the x axis shows the age of the participant

at the corresponding visit and the y axis shows harmonized motor factor score or

Grooved Pegboard score. The dark blue line is the LOESS line. GPEGDOM=Grooved
Pegboard-dominant hand; GPEGNDOM=Grooved Pegboard-nondominant hand ***/~<0.01

for ANOVA test.
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