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Abstract

The current special issue of Prevention Science indicates that momentum in using individual participant data (IPD) and
integrative data analysis (IDA) to combine and synthesize findings in prevention science has accelerated over the past
decade. In this commentary, we focus on two general themes involving methods for harmonizing measures and findings of
effect heterogeneity. We describe methods for harmonization as retrospective psychometrics, requiring that we attend to
the assumptions necessary for accurate measurement, but adjust our methods given the constraints of working with existing
datasets that often involve different measures in different studies. We point to novel approaches for increasing confidence
that semantic matching and empirical modeling used in these studies will yield accurate and valid measurements that can
be combined in IDA. We also review findings about effect heterogeneity, emphasizing the importance of using etiologic and
action theories to identify and evaluate sources of such effects. We note that all of the papers in this issue deserve careful
attention, as they illustrate how prevention scientists are approaching the complexities of IDA and exploring novel methods

for overcoming its challenges.
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Investigators began using individual participant data (IPD)
to improve meta-analysis over 30 years ago (WHO, 1991),
with Stewart and Parmar (1993) suggesting that analysis of
individual patient data provided the least biased and most
reliable basis for synthesizing data from clinical trials. Inter-
est in using IPD for combining data from multiple studies in
the social and psychological sciences accelerated following
the seminal development of novel methods for harmonizing
and analyzing IPD datasets by Curran, Bauer, Hussong, and
their colleagues who introduced these methods under the
general rubric of integrative data analysis (IDA) in a special
issue of Psychological Methods (Bauer & Hussong, 2009;
Curran, 2009; Curran & Hussong, 2009). In the journal of
Prevention Science, Brown et al. (2013) recommended its
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use for studying moderation in the impact of prevention tri-
als, and in 2018 Prevention Science published a supplemen-
tal issue (Howe et al., 2018) that included applications to
trials studying the prevention of youth depression (Brown
et al., 2018) and related methodology (Brincks et al., 2018;
Siddique et al., 2018). More recent work in this journal dealt
with potential biases with IDA when combining data from
trials using group-level interventions (Brown et al., 2022).
The current special issue of Prevention Science indicates
that momentum in using IPD and IDA to combine and syn-
thesize findings in prevention science has not only continued
but accelerated. This special issue contains 18 papers that
apply IDA to study etiology, the effectiveness of prevention
programs, and how the impact of prevention programs may
vary across participants, times, and contexts. Papers also
include tutorials on the use of new methods for harmonizing
measures across studies, including semantic harmonization
(McDaniel et al., 2023) and empirical methods employing
moderated nonlinear factor analysis (MNLFA: Cole et al.,
2023; Zhao et al., 2023). Other papers present advances
in these techniques that broaden their application to count
outcomes that include substantial zeroes (Mun et al., 2023;
Saavedra et al., 2023), a common occurrence in studies of
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substance use; in the analysis of intensive longitudinal data
in adaptive intervention studies (Potter et al., 2023); and in
strengthening causal inference through applying propensity
score matching when combining trial data with epidemio-
logical data that includes intervention status (Saavedra et al.,
2023), or dealing with systematic bias when testing differ-
ences in intervention impact across different populations or
contexts (Barker et al., 2023).

The breadth and innovation of these works is exhilarat-
ing. In this commentary, we focus on two general themes
involving methods for harmonizing measures and findings
involving effect heterogeneity. But we emphasize that all of
the papers in this issue deserve careful attention and illus-
trate how prevention scientists are approaching the com-
plexities of IDA as applied to the field of prevention and
exploring novel methods for overcoming its challenges.

Retrospective Psychometrics

As McDaniel et al. (2023) note, measure harmonization for
IDA involves retrospective psychometrics. The field of psy-
chometrics, broadly speaking, has built conceptual frame-
works and a set of strategies for constructing and validating
new measures as a means of increasing our confidence that
those measures accurately and consistently represent phe-
nomena of interest. We might describe this field as prospec-
tive psychometrics as measures are selected or generated
to optimize their inferential capabilities in future studies.
In contrast, harmonization for IDA is constrained by the
data available, although it can contribute to refinement of
measures for future research, including multi-trial follow-
up designs (Brown et al., 2007). Harmonization methods
require a conceptual framework that can provide guidance
in how to combine existing data from multiple studies,
often based on different measures of the same construct,
to insure both accuracy and consistency across those stud-
ies. The papers in this special issue clarify that conceptual
frameworks underlying standard psychometrics can provide
a starting point for this work, but must be adapted in several
ways.

We lean toward a causalist framework for evaluating
measurement accuracy and consistency (Bollen & Lennox,
1991; Borsboom, 2008; Borsboom et al., 2003; van Bork
et al., 2022), consistent with most of the work described
in these papers. This framework presents several assump-
tions necessary for accurate measurement of construct states.
All of these papers focus on outcomes measured as reflec-
tive constructs, assuming that construct states are latent
and unobservable but can be inferred through their causal
impact on observable indicators (Bollen & Lennox, 1991).
Accurate measurement using reflective models requires clear
and explicit definition of the construct of interest (McDaniel

et al., 2023) and measurement methods that lead to data
that meets several assumptions, including common cause,
causal invariance, nonconfounding, and nomological valid-
ity (Howe et al., 2019). Prospective psychometrics has
developed a set of strategies for constructing measurements
that meet these requirements and has applied quantitative
methods such as item response theory (IRT) or confirmatory
factor analysis (CFA) modeling. These methods allow us to
evaluate whether data are consistent with these assumptions,
refine measures that fail to meet assumptions, and adjust
estimates of construct states to reduce or eliminate viola-
tions. These methods have provided a foundation for the
retrospective psychometrics employed in these papers, but
have also required extensions to deal with the challenges of
IDA datasets.

Common Cause

The common cause assumption holds that all observable
indicators of a construct will be empirically associated
because they are all influenced by that construct. This pro-
vides the justification for using IRT or CFA to evaluate
whether a set of indicators are all associated through estimat-
ing factor loadings for each indicator. We typically include
in our final measurement models only indicators with signifi-
cant loadings. This can be directly applied to IDA datasets
when all studies in an IDA have used identical measures, as
in the work of Dong et al. (2023), who combined data from
eight randomized teacher training programs that employed
the same measure of teacher observations of students’ class-
room adaptation.

In many other IDA projects, evidence for empirical asso-
ciations among many indicators is limited or absent, as dif-
ferent studies employ different measures of the same con-
struct, or change to new measures for later follow-ups, and
we have no data to estimate associations among many items
across those measures. This was true for outcome constructs
used in all the other IDA studies reported in this special
issue (Berry et al., 2023; Connell et al., 2023; Hensums
et al., 2023; Magee et al., 2023; Mun et al., 2023; Musci
etal., 2023; Russell et al., 2023; Saavedra et al., 2023; Seidman
et al., 2023; Tiberio et al., 2023; Zhao et al., 2023).
In these papers and in the broader literature, we have found
three methods employed for combining different measures
of the same constructs.

Standard meta-analysis often ignores this issue by
using summary statistics based on summed scores and
standardizing across studies by converting those to effect
sizes, tacitly assuming that different measures are equally
accurate representations of the construct of interest and
have identical error distributions. As several papers in the
special issue point out, this can ignore important sources
of measurement bias, and item-level data available with
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individual participant datasets allows for evaluation
of and adjustment for such bias in overall effectiveness
and precision. Meta-analyses can increase confidence in
construct equivalence by combining only those subsets
of trials having similar measures of specific constructs.
As an example, Schweer-Collins et al. (2023) combined
data from 29 trials of brief interventions for alcohol use,
but conduct analyses separately for subsets of trials that
measured outcomes such as binge drinking, quantity of
alcohol use, or frequency of use. IDA datasets often have
studies that employ more than one measure of a construct.
In these cases, there is evidence of strength of associa-
tion among measures that can contribute to harmoniza-
tion using empirical evidence. For example, Connell et al.
(2023) used data from trials of the Family Checkup pro-
gram where participants completed both the CBCL and
the CDI to harmonize indicators of suicidality. When all
measures have at least some indirect empirical associa-
tion with every other measure, standard IRT models can
be used to estimate scores for a common factor across all
measures (see Howe et al., 2019 for an example). This
requires more time-intensive estimation algorithms such
as numerical integration or Markov Chain Monte Carlo
procedures (Muthén & Muthén, 1998-2017) and requires
that measures can be ignorably missing across studies (Little
& Rubin, 2002). None of the studies in the special issue
directly employs this method of empirical harmonization,
although we suspect that many of the IPD datasets used in
these studies include sets of measures for which there is
empirical evidence of direct or indirect association. The
latter occurs when two measures are never administered
together, but each is administered together with a third
measure. Although measurement models are estimable
with such data, it is unclear whether they are biased when
applied to datasets with more indirect associations. The
field would benefit from simulation studies that explore
whether common patterns of more indirect associations
can bias harmonization results.

Most of the IDA studies in the special issue employ a
third method to establish associations among indicators
of different measures that Cole et al. (2023) refer to as
logical harmonization. We prefer the term semantic har-
monization, for several reasons. Investigators compare
the semantic content of each pair of indicators based on
the judgments of the research team and develop rules for
determining whether two indicators can be judged to have
the same meaning, even when couched in different words.
This assumes that items matched by the research team will
be experienced by study participants as having identical
or very similar meanings. Semantic harmonization is used
to select only those items that have semantic matches with
other items and to combine matched items into a single
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item. Final empirical harmonization then conducts IRT
factor analyses with these semantically harmonized items.

In one of its simplest forms, semantic harmonization can
involve assumptions that respondents use the same “count
semantics” even when asked to provide counts of behaviors
in different ways. For example, Mun et al. (2023) combined
items that asked participants to describe drinking behavior
with different wording and scales. One measure asked par-
ticipants to provide an estimate of the total number of drinks
they had across a typical week. A second measure used in
other studies asked participants to estimate the average num-
ber of drinks they had for each day of the week. The research
team added these daily responses together to get an estimate
of weekly drinking rates. This assumes that participant recall
provides an accurate count regardless of item wording. We
understand the rationale, but suggest that it may be impor-
tant to test this assumption when possible, given evidence
that memory for prior events can be fickle and influenced
by the passage of time, the current measurement context, or
developmental age of the respondent (Marini et al., 2023).

Other studies describe more complex forms of semantic
harmonization that require attention to both indicator con-
tent and scaling. To harmonize outcome measures, Saavedra
et al. (2023) combined data on diagnosed anxiety disorders
from studies that employed two different interview schedules
assumed to provide the same categorization. Other studies
used content review by the research team to match question-
naire item content across measures originally developed to
measure the same constructs, including depression (Magee
et al., 2023; Tiberio et al., 2023; Zhao et al., 2023), anxiety
(Tiberio et al., 2023), bullying and victimization (Magee
et al., 2023), and sexual activity (Vasilenko et al., 2023).
Some studies used similar methods to harmonize constructs
that might act as moderators of intervention impact, includ-
ing elements of socio-economic status (Berry et al., 2023)
and individual- or school-level demographics (Vasilenko
et al., 2023).

Semantic harmonization also requires attention to the
relative meaning of timing cues and scaling systems that
can vary across measures. For example, Connell et al. (2023)
combined items from three measures with different timing
cues: the CBCL, which asks participants to rate whether
a behavior or feeling occurred over the past 6 months; the
CDI, which focuses on the past 2 weeks; and the BSI, which
focuses on the last week. These measures also utilize dif-
ferent rating scales with different numbers of options and
different anchor languages. The investigators chose to col-
lapse all items to dichotomies, as did those in several other
studies. Cole et al. (2023) provide a thoughtful discussion of
the various choices that are commonly required in semantic
harmonization, including whether to dichotomize or to map
ordinal categories onto each other.
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Semantic harmonization also assumes that item wordings
will not be interpreted in different ways by different groups
of participants, in different contexts, or at different times.
We see a key challenge of semantic harmonization reflected
in the question, “Whose semantics?” All studies in the spe-
cial issue used research teams, including content experts,
to make the determinations of semantic equivalence. At the
least, this assumes that all study participants with reasonable
facility in the language of the questionnaire or interview
would experience these different items as having the same
meaning. More than this, it assumes that item meanings as
experienced by content experts are equivalent to content
meanings as experienced by non-expert participants. These
assumptions may be reasonable for the indicators some con-
structs (such as age) but not for others (such as experience
of fatigue or sadness).

We suggest that the field would benefit from employing
systematic methods for rating semantic equivalence and test-
ing its assumptions. Rigorous methods for content analysis
are available for using a team of raters to evaluate equiva-
lence based on explicit criteria rather than expert intuition
(Bakeman & Gottman, 1997; Krippendorff, 2019). This can
require developing coding manuals, training staff naive to
the content area, and assessing inter-rater agreement. Rating
systems can also ask raters to indicate how similar they per-
ceive the meaning of two indicators to be. Cole et al. (2023)
raise this issue and suggest that procedures for determin-
ing item equivalence also include such ratings, distinguish-
ing items of questionable equivalence and testing whether
including or excluding such items has any impact on results.

In most of the papers in the special issue, semantic har-
monization methods collapse pairs of matched items into
single indicator variables. This assumes that indicators
matched on content would be perfectly correlated if we
were able to administer both of them to a sample of par-
ticipants. This assumption can be tested in IDA datasets by
using moderated factor analysis to assess whether indicator
loadings and thresholds vary depending on which measure
the item was taken from. None of the papers in the special
issue describe such analyses, although some tested whether
these parameters varied across studies, and used measure-
ment models that adjusted for such variability when found
(Magee et al., 2023; Tiberio et al., 2023). This can help to
account for such variability when different studies use dif-
ferent measures.

There may also be empirical or theoretical reasons
to think that participant semantics differ from that of the
research team. We suspect that differences in developmental
age, cultural context, expert status, and observer perspective
will be very relevant here. For example, Mlynarski (2018)
found that the factor structure of a measure of accultura-
tion differed substantially for youth and parents in Latinex
immigrant families, suggesting that adults and youth were

interpreting the items very differently. As another example,
Seifer et al. (1994) found little concordance between ratings
of infant behavior made immediately following a mother-
infant interaction by mothers and trained raters using the
same rating system. In these cases, it will be important to
employ raters similar to those in the population of interest
when determining semantic equivalence, rather than expert
raters.

In some cases, semantic harmonization is used to match
pairs of items that were both administered to participants
in one or more studies. In this situation Zhao et al. (2023)
decided to use an “OR” rule, creating a single variable
that rated a symptom as present if it occurred in any of the
matched items. We would suggest using available empirical
data to evaluate item equivalence in these cases by study-
ing item associations directly and using methods that incor-
porate estimates of measurement error when items being
paired do not correlate very highly. Bridging studies that
are not part of the IDA sample may also provide empirical
evidence concerning equivalence. It can be worthwhile to
search for existing studies that have employed both measures
with a population similar to that involved in the studies being
included in the IDA project. It can also be useful to conduct
new bridging studies, although this is usually beyond the
resources of IDA research teams.

Semantic harmonization can reduce the number of indi-
cators available for measurement modeling. For example,
Seidman et al. (this issue) identified 17 symptoms of youth
depression, based on five measures that contained a number
of items they were unable to match semantically. Bollen and
Lennox (1991) note that, in theory, this should have little
impact on measurement of a reflective construct, assum-
ing that enough indicators with strong loadings remain.
In practice, this will depend on the number and quality of
indicators available for matching. Reducing the number of
indicators can increase unsystematic measurement error and
also increase risk of systematic measurement error or meas-
ure contamination. We suggest comparing scores based on
semantic harmonization of indicators from each measure
with scores based on a measurement model including all
indicator scores from that measure, as a means of checking
the impact of semantic harmonization.

All studies in the special issue used factor analyses with
categorical indicators (IRT models) to model variation in
construct states, consistent with the reflective model of
measurement. Summary scale scores created by adding item
scores together assume tau-equivalence, where the construct
has equally strong impact on all of its indicators (Brown,
2015). It is common for the impact of construct states to
vary across indicators, leading to different factor loadings for
different indicators within the same measure. This violates
the tau-equivalent assumption and biases summary scale
scores. Factor analytic methods used in these projects that
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allow factor loadings to vary across items eliminate such
bias, leading to more accurate estimates of construct states.
Factor analyses using IDA datasets may also be less prone
to biases driven by range restrictions when data on indica-
tors are combined across multiple studies with somewhat
different populations that together cover a greater range of
construct states.

With one exception, studies appeared to follow standard
practice of dropping indicators with non-significant factor
loadings that are inconsistent with the reflective measure-
ment model. Connell et al. (2023) found that parent and
youth reports of youth suicidality loaded on a single fac-
tor, but teacher reports did not, yet decided to keep teacher
reports in the model to enhance data coverage across sam-
ples. A more convincing rationale would require defining the
suicidality construct as context-specific, such that reports in
different contexts reflect accurate estimates of construct state
as it manifests differently (or becomes more easily observ-
able) within each context. This is particularly salient in this
example as teachers and educational systems are generally
unaware of students’ suicide risk (Brown et al., 2006). This
rationale has been applied to modeling of youth external-
izing behavior, given that reports by different observers in
different contexts (children, parents, teachers) are only very
weakly correlated (De Los Reyes et al., 2023).

Causal Invariance

The reflective measurement model also assumes causal
invariance: the impact of construct state on observable indi-
cators is constant across all participants, times, and contexts.
In the IRT tradition, one way causal invariance is violated
is when there is evidence of differential item functioning
across one or more variables within these domains. Viola-
tions of causal invariance may reflect two different mecha-
nisms. The construct may have different effects on an indi-
cator for different people, across different contexts, or at
different times. For example, depression may have a stronger
impact on suicide attempts in some groups.

Causal invariance will also be violated if observations of
an indicator are less accurate for some participants, places,
or times. This may be of particular relevance for seman-
tic harmonization strategies, where semantic similarity of
items may vary by population, context, or over development.
Such violations can be tested during semantic harmonization
through employing raters who vary on relevant characteris-
tics such as developmental age.

The seminal work of Curran, Bauer, Hussong, and their
colleagues has led to the development and refinement of
moderated nonlinear factor analysis (MNLFA) as a major
extension of factor analytic methods employed in retrospec-
tive psychometrics to evaluate and adjust for such violations
(Bauer, 2016; Bauer & Hussong, 2009; Curran et al., 2014).
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Gottfredson et al. (2019) released an automated system that
facilitates the use of this method, and most of the papers in
the special issue employed MLNFA. This acronym has come
to reference both the quantitative modeling employed and
the more complex set of strategies that integrate semantic
and empirical harmonization methods. Zhao et al. (2023)
provided a thoughtful tutorial on how to use this strategy,
and Cole et al. (2023) described a number of strategic deci-
sions it requires and the potential impact of various branch-
ing pathways through these decision points. Musci et al.
(2023) developed an extension of MLNFA by integrating it
with growth mixture modeling to identify different patterns
of change in psychotic-like experiences reported by youth
over extended periods following participation in prevention
programs.

Most of the IDA projects reported in the special issue
employed MNLFA strategies and models to produce factor
scores for IDA analyses. They selected two sets of poten-
tial moderators: design variables including trial or study,
intervention condition, or time since baseline and general
demographic factors including age, sex, and ethnicity. Some
projects evaluated more complex patterns by including inter-
actions among potential moderators (Connell et al., 2023;
Tiberio et al., 2023).

Although not always explicated, the rationale for studying
design variables as potential moderators seems well justified.
It is conceivable that Intervention conditions may alter how
participants interpret questionnaire items, leading to meas-
urement differences across experimental and control groups.
Examining whether the underlying measurement model is
the same by intervention condition provides a useful test
of this issue. Studies may vary in which measures are used
and how they are administered, and sample from different
populations or contexts. Measurement models may shift
across multiple administrations as participants have more
exposure to the same measures, and measurement models
may evolve over developmental time. Demographic factors
such as sexual or gender minority status (Mustanski et al.,
2021) can be proxies for variability across a wide range of
historical exposures or cultural contexts.

Beyond this, our science provides little guidance as yet
in identifying plausible sources of differential item func-
tioning that need attention during harmonization. Most of
the papers in this special issue highlight the importance of
IDA for identifying sources of heterogeneity in intervention
effects, and as we discuss later, this work can benefit from
more attention to theoretically derived factors that lead to
such heterogeneity. As a common sense rule, we would sug-
gest that any potential moderator of intervention effect be
included as a potential moderator in analyses of DIF used in
measure harmonization.

There is some disagreement among the papers on whether
DIF analyses can provide substantive information about
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measurement (Magee et al., this issue) or whether findings
of DIF should be treated as nuisance effects to be adjusted
for but not interpreted (Cole et al., this issue). Most of the
papers implicitly follow the latter position, using MNLFA
to identify plausible DIF and adjusting factor scores using
models that take DIF into account. Those papers that inter-
pret DIF substantively focus mostly on developmental expla-
nations. For example, Magee et al. (2023) found that age
at assessment moderated both thresholds and loadings for
depression items, suggesting that symptoms such as anhedo-
nia and appetite disturbance were more strongly influenced
by depression as children grew older.

We take a middle ground here concerning whether DIF
should be treated substantively or as a nuisance factor. The
preponderance of significant findings across these studies
involved evidence for systematic variation in item thresh-
olds, as compared to item loadings. Loadings reflect the
overall sensitivity of an indicator to variation in construct
state, while thresholds provide information about the relative
range of sensitivity across the levels of the construct state.
Given the same loading, lower thresholds reflect sensitiv-
ity to lower levels of the construct but often less sensitiv-
ity to variation at the higher end, while higher thresholds
reflect the opposite. We suggest that loading DIF can reflect
more substantive differences, as it can reflect both varia-
tions due to reporting differences and those due to different
causal impact of the construct on an indicator. For example,
separation anxiety may become less common as children
grow older, and so differences in its loading on a measure of
broader anxiety disorders may be due to substantive devel-
opmental differences. This raises an important substantive
question as to whether the construct of broad anxiety disor-
der means the same thing at different points in development.
As another example, Patterson (1993) used the metaphor of
a chimera (a mythological beast that begins with a simpler
body and then evolves by growing the head of a lion and
the tail of a snake) as a description of how longitudinal data
indicate that conduct disorder evolves from early opposi-
tional behavior to later deviancy, requiring different meas-
urement models at different stages of development. Here,
developmental change does not reflect increases or decreases
in the same construct, but rather a dynamic reorganization
of that construct over development. Forgatch et al. (2016)
found that parenting interventions altered this developmental
progression.

On the other hand, threshold DIF in the absence of load-
ing DIF may be driven more by variations in reporting. Here,
the effects of the construct on the item are the same, but item
variation is associated with a different range of construct
states. This can occur if unsystematic measurement error is
stronger for some populations, contexts, or times of meas-
urement. If we think of unsystematic error as nuisance vari-
ance, then it makes sense to model variations in threshold

DIF and adjust factor scores accordingly. Threshold DIF
can bias estimates of group means, supporting the strategy
employed here of adjusting for it within the measurement
model when studying mean differences, as is always the case
in trials research.

Nonconfounding

Measures can be contaminated if item responses are shaped
in part by systematic factors such as participants’ need to
manage impressions or their general evaluative stance (see-
ing things in terms of good/bad distinctions). When more
than one item is systematically contaminated, this will vio-
late the conditional independence assumption. When item
values are combined through simple summation, this vio-
lates the congeneric assumption of measurement (that items
reflect only one construct). Scores based on factor models
are less prone to contamination compared to simple sum-
mary scores as they partition common and unique indicator
variance, as long as the effects of contaminating factors are
independent of the construct of interest. However, this par-
titioning fails to account for contamination when all items
in a measure are shaped by a contaminant, as the common
variance due to the construct cannot be disentangled from
that due to the contaminant, absent other information. This
can lead to confounding if causes of the construct, including
intervention condition, impact the contaminant rather than
the construct. This is an issue in psychotherapy research,
where alliance with a therapist can lead participants to report
more positive outcomes.

Harmonization methods employed by the projects in
the special issue have not yet attended to the possibility
of contamination and potential confounding of this sort. It
can be addressed in two ways, either through including and
controlling for measures of possible contaminants such as
inclination to respond in socially desirable ways or through
bifactor modeling that includes secondary factors for each
measure (Howe et al., 2019). The latter method may be more
applicable to retrospective psychometric analyses; in our
experience, few studies include measurement of potential
contaminants and different studies often focus on different
factors. In principle, such bifactor models can be applied to
semantically harmonized data, although we are not aware of
examples in the literature.

Nomological Validity

Nomological validity refers to accumulating evidence that
constructs observed with a measure are associated as pre-
dicted with their causes and outcomes. Many of the meas-
ures employed in these IDA projects have a substantial
history of application and a sizeable body of empirical evi-
dence supporting their nomological validity. This evidence
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increases our confidence in accurate measurement when an
IDA project includes studies that all use the same measure,
as in the case of Dong et al. (2023), who provide a detailed
summary of that evidence for the Teacher Observation of
Classroom Adaptation measure. Other studies used measures
that were administered in different ways or with different
subsets of items in different studies (Hensums et al., 2023)
or selected subsets of items from a set of different measures
based on semantic similarity (Connell et al., 2023; Seidman
et al., 2023; Tiberio et al., 2023).

We suggest that prior evidence for nomological valid-
ity becomes more ambiguous as the number of indicators
from an established measure decreases. As a simple check,
IDA investigators can evaluate whether harmonization might
challenge the application of prior evidence of nomological
validity by comparing factor scores after harmonization to
scores based on each full measure used in their construction.
Close concordance would increase confidence in nomologi-
cal validity based on prior use; weak concordance would
challenge it.

Effect Heterogeneity

Many of the papers in the special issue emphasize the utility
of IDA for studying variation in intervention impact, also
known as effect heterogeneity, given substantially greater
power to detect moderation compared to meta-regression
(Dagne et al., 2016). Six of the 18 papers used IDA to evalu-
ate effect heterogeneity in intervention trials (Connell et al.,
2023; Dong et al., 2023; Hensums et al., 2023; Russell et al.,
2023; Tiberio et al., 2023; Vasilenko et al., 2023) and one
evaluated whether several aspects of socioeconomic status
moderated variation in parent engagement with interven-
tions (Berry et al., 2023). Schweer-Collins et al. (2023) used
a two-step procedure to evaluate heterogeneity, estimating
interaction effects using individual participant data within
each trial, but combining those effect estimates across trials
with standard meta-analytic methods.

With one exception, none of the studies found variation in
impact across broader sociodemographic variables includ-
ing age at accrual, sex, race, ethnicity, or economic or social
disadvantage. These included trials testing the impact of
the Family Checkup program on suicidality (Connell et al.,
2023), teacher-based interventions on racial disparities in
classroom adaptation (Dong et al., 2023), school-based
interventions to reduce bullying (Hensums et al., 2023),
crossover impact on depression of youth and parent-focused
interventions for youth in foster care (Tiberio et al., 2023),
and the effects of teen pregnancy prevention programs on
sexual activity (Vasilenko et al., 2023). IDA moderation
analyses of effects of the Incredible Years program imple-
mented in European countries on conduct disorder (Berry
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et al., 2023) have been reported elsewhere, and these also
failed to find evidence of moderation by ethnicity and eco-
nomic or social disadvantage (Gardner et al., 2019). As the
exception, Schweer-Collins et al. (2023) found that brief
interventions for alcohol use had slightly stronger effects
on alcohol use outcomes for women and for one outcome
variable on those with less than a high school education,
although all effect sizes were modest and no effects were
found in any follow-up lasting more than three months.

Two of these projects tested for and found moderation
of impact by baseline levels of outcomes. Hensums et al.
(2023) found that anti-bullying interventions were more
effective for those youth who reported higher levels of vic-
timization at baseline. Russell et al. (2023) found that peer
network counseling programs reduced cannabis use at one
to 3 months follow-up for those who reported higher levels
of cannabis use at baseline and reduced use of other drugs
at post-test for those who reported higher levels of those
drugs at baseline.

Only one project tested moderation by presence of more spe-
cific risk or protective factors measured at baseline. Vasilenko
et al. (2023) used multilevel latent class analysis to iden-
tify four risk profiles at both the individual and school level
based on baseline indicators of primary language, nativity,
grades, alcohol use, family structure, and whether a student
was in a relationship with someone older or younger than
them. They found no moderation effects for individual-level
profiles, but did find that pregnancy prevention programs
were less effective in reducing sexual behavior in schools
with students who were mostly English-only speakers, born
in the USA, and more likely to be in single parent house-
holds and use alcohol, compared to schools with more
second-generation immigrants who were less likely to use
alcohol and more likely to reside in two parent households.

What to make of these findings? We suggest that while
it will always be important to assess whether the impact of
prevention programs may vary across broad demographic
characteristics or general types of risk or protective factors,
it will be necessary to pay closer attention to early indi-
cators of specific risk for physical and mental health chal-
lenges and to the specific proximal targets that interventions
are designed to shape. Almost all prevention trials assess
baseline levels of the long-term outcomes they hope to pre-
vent, and so tests of baseline outcome moderation should be
standard. Most prevention trials also assess baseline levels
of at least some of the more specific targets they hope to
change, based on the etiologic theories they use to build
their interventions. Investigators are increasingly reporting
tests of baseline target moderation, or more complete tests of
baseline target moderated mediation, as reflected in a recent
Prevention Science special section on this topic (Howe &
Leijten, 2022). In our experience, harmonization of baseline
target measures is currently quite challenging, given that
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prevention science does not have strong norms for using
more standard measures of these targets, and different trials
investigators will often select or even create new measures
for this purpose. We suggest that the field would greatly
benefit from efforts to identify or create and validate meas-
ures of common targets and to urge investigators to employ
them in tests of moderation and mediation, perhaps through
some sort of Consort system (Gardner et al., 2013). More
consistent attention to and measurement of moderators will
also provide greater opportunities for evaluating how well-
combined datasets meet assumptions for causal inference
of heterogeneous impacts, as Barker et al. (2023) discuss.

Conclusions

Taken as a whole, the papers of this special issue indicate
that our field has a strong and growing interest in combining
and harmonizing individual participant data from multiple
studies and using recent advances in IDA quantitative meth-
ods to more rigorously evaluate both theories of etiology
and the effects of prevention programs built on them. They
demonstrate substantial progress along a number of fronts,
including the complex business of harmonizing measures to
establish, evaluate, and adjust models to achieve construct
equivalence across studies. In this commentary, we have
provided a number of suggestions for how this work might
be improved, but want to acknowledge and honor the work
of the special issue editors and the authors in moving this
field forward, confronting its complexities, and exploring
novel and often groundbreaking new methods for achieving
its goals.
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