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Abstract
Intervention research is often time- and resource-intensive, with numerous participants involved over extended periods
of time. To maximize the value of intervention studies, multiple outcome measures are often included, either to ensure a
diverse set of outcomes is being assessed or to refine assessments of specific outcomes. Here, we advocate for combining
assessments, rather than relying on individual measures assessed separately, to better evaluate the effectiveness of
interventions. Specifically, we argue that by pooling information from individual measures into a single outcome,
composite scores can provide finer estimates of the underlying theoretical construct of interest while retaining important
properties more sophisticated methods often forgo, such as transparency and interpretability. We describe different
methods to compute, evaluate, and use composites depending on the goals, design, and data. To promote usability,
we also provide a preregistration template that includes examples in the context of psychological interventions with
supporting R code. Finally, we make a number of recommendations to help ensure that intervention studies are designed
in a way that maximizes discoveries. A Shiny app and detailed R code accompany this article and are available at https://
osf.io/u96em/.
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Individuals change continuously across the life span. We
learn new skills, refine our knowledge about the world,
and change habits. Our minds evolve, assemble, structure, categorize, integrate; we learn and improve. Given
these dynamic properties of brains and behaviors, an
important area of research in psychology focuses on
studying change, and in particular how it can be engineered in the form of interventions, to improve health,
skills and abilities, or to nudge behavior. The potential
implications of intervention research are far-reaching,
yet this line of work remains challenging for two primary
reasons. First, intervention studies are often costly, either
in terms of financial resources or with respect to the
time and effort invested. Studies typically involve a number of individuals followed for a period of time, with
unavoidable challenges such as protocol adherence
( Johnson & Remien, 2003) and large attrition rates (Davis
& Addis, 1999). Second, precise measurement in psychological intervention research is crucial yet typically difficult.

Most phenomena in psychology cannot be observed
directly (e.g., Borsboom, 2008); for example, psychologists rarely infer well-being, personality, or intelligence
solely from observing an individual’s behavior. Rather,
they typically rely on standardized tests that have been
previously validated and that as a result are thought
to accurately reflect latent traits or abilities. Because
these latent variables are not directly observed, estimating them precisely can be problematic. Measurement is especially challenging in intervention studies
given that the focus is not only on accurate estimation at a given point in time but also on assessing
change across a number of time points. In this context, the line between subtle change and no change
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at all can often be a very thin one, calling for sophisticated designs and analyses.
These characteristics may be discouraging, especially
when the focus of an intervention is on a very specific
outcome measure. What if the hypothesized effect cannot be observed, perhaps because a measure is too noisy
or imprecise or because the intervention influenced outcomes that were not measured as part of the study?
Given the resources invested, the cost of measuring the
wrong outcome, or the right outcome in the wrong way,
is often higher than for nonintervention research. A number of solutions to these challenges exist, including the
use of large sample size and of tightly controlled experimental settings as well as careful dosage manipulations
within study arms or conditions. Here, we focus on
refining measurement, an aspect that has traditionally
been underappreciated but has gained traction in the
field of psychology recently (e.g., Flake & Fried, 2019).
Specifically, we advocate the use of composite outcomes
to enable inferences about change at the construct level
(Cronbach & Meehl, 1955) rather than the level of individual measures. In this context, we first discuss the
limitations and benefits of multiple outcome measures
as well as the opportunity they provide to refine intervention designs.

Limitations and Benefits of Multiple
Outcomes in Interventions
In part to mitigate the aforementioned challenges inherent to psychological intervention studies, designs often
include multiple outcome measures targeting a variety of
domains. For example, interventions designed to enhance
executive function may include well-validated tests of
executive function but also additional measures such as
short-term memory and reaction time (Takacs & Kassai,
2019). Likewise, interventions targeting well-being often
include direct or indirect measures of well-being (e.g.,
life satisfaction, depressive symptoms) together with
more restrictive outcome variables such as illness severity
or suicidal thoughts (Bolier et al., 2013; Sin & Lyubomirsky,
2009); regimens focused on alleviating symptoms of clinical conditions such as anxiety disorders, phobia, or schizophrenia may use tests of secondary outcomes alongside
symptom assessments (Fedoroff & Taylor, 2001; MayoWilson et al., 2014; Pilling et al., 2002). Yet when multiple outcomes are treated separately at the analysis
stage with improvement on any measure being interpreted as support for the effectiveness of an intervention, this approach can be problematic. Increasing the
number of outcome variables maximizes the chance that
an intervention will be found to have some effect, even
if it is observed on an outcome measure that was not
explicitly hypothesized to relate to the intervention (e.g.,
in a preregistration or a trial registration).
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The reasoning behind this approach is similar to that
of “hedging” and comes with a number of problems in
the context of interventions. Hedging is a good strategy
when uncertainty is important, and there is no underlying “truth.” For example, when investing for retirement,
one often spreads potential losses to minimize the influence of one particular event or of specific circumstances.
Because investment is stretched across a range of products and placements that are at least partly independent,
the risk associated with a portfolio is effectively mitigated. If a given strategy makes money, it is a winning
strategy—the goal in investing is to improve the total
gains regardless of which particular product within a
portfolio is profitable. When designing an intervention, it
is perhaps tempting to abide by the same rules, with
multiple outcomes spreading the uncertainty associated
with the effectiveness of an intervention. However, this
strategy can lead to increased error rates, either false
positives if no correction for multiple testing is applied
or false negatives if one corrects for multiple comparisons.
Controlling error rates is important when testing interventions because, in contrast to investments, one typically
does not only care about winning (i.e., finding a significant
effect somewhere) but also—perhaps more importantly—
about being right (i.e., the observed effect reflects a genuine pattern in the population of interest).
This concern is not new—problems with multiple
outcomes have long been acknowledged in clinical trials
(Pocock, 1997; Pocock et al., 1987), translating into welldefined guidelines for systematically defining primary
outcomes (see e.g., the Standard Protocol Items: Recommendations for Interventional Trials [SPIRIT]; Chan et al.,
2013). They have persisted in the less regulated, perhaps
more lenient space of psychological interventions, but
recent developments have been in the right direction,
with the publication of specific guidelines for reporting
randomized trials of social and psychological interventions (Grant et al., 2018; Montgomery et al., 2018). As a
formal and principled way to distinguish exploratory
from confirmatory research and, within the latter, to
clarify which outcomes are primary and which are secondary, preregistration plays a key role in the context
of interventions and should be encouraged (Cybulski
et al., 2016).
Despite the aforementioned potential issues, multiple
outcomes in intervention research also bring about a
number of opportunities to refine assessments of effectiveness by allowing multiple sources of information to
be pooled together. The notion of pooling together
imperfect measures to get more accurate estimates is
ubiquitous: Respectable pollsters do not rely on a single
poll to predict the outcome of an election—they use
(weighted) aggregates of multiple sources of information; finals in the major American sports leagues are often
played to the best of seven games; and undergraduate
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college papers typically include a final exam but also a
midterm exam and additional coursework. Every measurement in each of these fields, be it a single poll,
game, or exam, is imperfect and sometimes a coarse
representation of the underlying, unknown reality.
Which candidate is ahead, which is the best team, or
what is the level or ability of a student on a given topic
are questions that typically cannot be reliably answered
with one measurement. When multiple measurements
are combined, however, one gets a finer estimate of the
latent, unobservable reality.
The importance of combining outcome variables is
especially salient in intervention studies. If change is
observed in one measure after an intervention, one cannot distinguish between two competing options: that the
theoretical construct genuinely has changed or that the
intervention modulated variance in that particular measure that is not related to the construct itself (see Shiny
app for a comparison between these two options). For
example, a computerized intervention designed to alleviate Parkinson’s symptoms on cognition may elicit changes
in a computerized test battery of cognitive function
because cognition has improved or because patients
gained computer fluency over the course of the treatment. When multiple measures are used for construct
estimation, ideally based on different testing modalities,
the psychometric structure linking the different outcome
measures (e.g., variance-covariance matrix) can help
distinguish between these options (see Fig. 1). For example, the psychometric structure is likely preserved if
improvements are observed on none of the measures
(Fig. 1, postintervention scenario 1) or on all of the
measures (Fig. 1, postintervention scenario 3). In the
latter case, given that improvements are not only
restricted to a single measure but also result in gains in
other measures tapping the same construct, it is likely
that the intervention genuinely influenced the theoretical
construct. In contrast, the psychometric structure is typically not preserved when improvements are observed
on at least one but not all of the measures (Fig. 1, postintervention scenario 2). In this case, the intervention
likely modified variance unrelated to the construct (an
outcome especially plausible if the improved measure
is a poorer estimate of the construct, as is the case with
M1 in Fig. 1) given that this task-specific variance is
probably not shared across all measures. If only one
measure is used to estimate a construct, these three
scenarios are impossible to disentangle.
The field of brain training (for a review, see Simons
et al., 2016), and in particular its implementation via
working memory regimens (for a meta-analysis, see
Melby-Lervåg et al., 2016), offers a compelling example.
More than a decade ago, an influential article suggested
that working memory training could improve fluid intelligence by as many as five points in a brief 4-week
intervention ( Jaeggi et al., 2008). Although it claimed
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enhancement at the construct level (fluid intelligence),
improvements were reported on a single task (either the
Raven’s Progressive Matrices or the Bochum Matrix Test,
depending on training length), thus allowing for the
possibility that working memory gains translated to better performance on a fluid intelligence task but not necessarily in fluid intelligence at the construct level (Moody,
2009; Moreau & Conway, 2014; Shipstead et al., 2012). In
line with this idea, subsequent work showed that the findings could not be replicated when modeling latent
improvements (Chooi & Thompson, 2012; Colom et al.,
2013; Redick et al., 2013; Schmiedek et al., 2010). The field
of brain training has since increased its standards, with
routine use of multiple assessment tasks per construct.

The Case for Composite Outcomes
Because it helps reduce measurement error, modeling
change at the construct level increases the probability
that a genuine effect will be detected for a given sample
size (Weintraub, 2016) and allows more efficient use of
resources (e.g., fewer participants for equivalent statistical power; Ross, 2007). Assessments of change at the
construct level can be easily accommodated within the
general structural equation modeling (SEM) framework,
for example via latent curve models (LCM) and latent
change score models (LCSM), while allowing multigroup
comparisons (for a tutorial, see Kievit et al., 2018; for a
detailed description, see Little, 2013). These techniques
are appealing because they allow modeling of change
directly at the latent level, in line with typical assumptions in many domains of psychology, according to
which constructs can be explained by unobserved common causes (McCrae & Costa, 1987; Spearman, 1904; van
Bork et al., 2019) and thus are most meaningful in the
latent space (McArdle, 2009). However, LCM and LCSM
can be problematic in some respects: (a) They typically
require more than two time points for accurate modeling
(Duncan & Duncan, 2009), whereas many psychological
interventions include only a baseline and a postintervention session; (b) they may not provide much transparency about the underlying computations, especially
given the flexibility afforded by the approach (McArdle,
2009; Tomarken & Waller, 2005); and (c) they can prevent, or at least complicate, meaningful comparisons
across studies because of the inherent disparities
between models (for a review, see Tomarken & Waller,
2005). Other methods have been developed recently that
do not make assumptions about latent abilities; for
example, psychometric networks have been proposed
as an alternative to latent variable models for representing psychological constructs (van Bork et al., 2019),
including to model change in longitudinal assessments
(Blanken et al., 2019; Greene et al., 2018). These are
promising developments; however, evidence for the benefits of network models over those of latent models
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Fig. 1. Psychometric structure linking latent and observed measures in three hypothetical scenarios. In the first scenario (left), the intervention has no effect, and the relationship between the three measures remains unchanged from baseline to postintervention. In the second
scenario (middle), the intervention elicits an increase in just one of the measures (M1). As a result, the relationship between measures changes
between the two testing phases—a plausible scenario if the intervention modulates task variance that is not related to the theoretical construct
but instead is specific to that measure. In the third scenario (right), the intervention elicits improvements on all measures, suggesting that
the intervention tapped variance shared by all tasks and is thus part of the construct.

remains mixed, with the two approaches appearing to
be complementary to one another rather than redundant
(Guyon et al., 2017; van Bork et al., 2019).
An appealing alternative is to group theoretically
related variables into a composite score (Ard et al.,
2015). By pooling different imperfect measures of an
underlying ability, one is less prone to measurement
error. Thus, composites can help tap shared variance
and reduce task-specific variability and come with many
desirable properties—they allow meaningful comparisons across studies and are often straightforward to
interpret (Proust-Lima et al., 2019). For example, an
intervention study that investigates the effect of a

particular treatment on a composite depression score
can be compared against another study using the same
composite as well as against population norms measured
in nonintervention settings. As long as composite outcomes are computed in the same way, and assuming
adequate validity and reliability, comparisons across
studies remain meaningful.
In addition, composites allow finer assessments of the
outcomes of interest at the construct level—beyond
increasing the probability that any observed effect is
genuine, assessing change at the construct level can help
maximize statistical power (Freemantle & Calvert, 2010;
Freemantle et al., 2003). We present a visual illustration
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Composite Primary Outcome

Depth of Outcomes

Measure A′′′

Narrow construct:
the effect of the intervention is
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Broad construct:
the effect of the intervention is
hypothesized to be general

Measure A′′

Measure A′

Measure A

Measure B

Measure C

Measure D

Diversity of Outcomes
Fig. 2. Two strategies to maximize the value of intervention studies. If the effect of the
intervention is hypothesized to be general (green box)—for example, an intervention
targeting general cognition—a diverse set of measures can be used to form a composite
primary outcome. In this case, the composite makes clear that the effect on each individual
measure (A, B, C, D) stems from shared mechanisms. If the effect of the intervention is
hypothesized to be specific (blue box)—for example, an intervention targeting working
memory—a more restricted set of measures (A, A′, A′′, A′′′) can be used to form a composite primary outcome that is narrower but explored in more depth. This strategy helps
refine assessments of change by tapping shared variance across outcome measures. Ideally,
an intervention that is thought to influence a broad construct would include a diverse set
of measures and additional assessments within each narrower construct (i.e., A, A′, A′′,
A′′′, B, B′, . . . , D′′′; occupying the top right corner of the figure), but limited resources
often preclude intervention researchers from using optimal designs.

of the benefits of composite outcomes over single measures in the Shiny app that accompanies this article.
Therefore, and rather than adding variety in intervention
outcomes or focusing on single-test assessments, a more
sensible approach is often to measure fewer constructs,
ideally with a primary outcome explored in depth with
multiple assessments (see Fig. 2, blue box; Freemantle
& Calvert, 2007a; Ross, 2007). If, however, a variety of
measures are hypothesized to benefit from the intervention, it is likely that they are all thought to be influenced
by the intervention via a common mechanism. When
this is the case, the measures should be grouped together
to form a composite spanning a wide construct (Fig. 2,
green box). Both of these approaches have merit: Outcomes focused on narrower constructs with multiple
measurements allow greater precision, whereas outcomes spread out over a broader construct can increase
the impact and generalizability of the study. Irrespective
of the particular type of construct one chooses to
assess—narrow or broad—the composite outcome
should be the primary outcome of the intervention.

Assessing change at the construct level using composite scores involves several steps, all of which need
careful consideration by the researcher before the start
of the intervention study. These include the computation
of a composite following one of several methods available (estimation); assessments of validity, reliability, and
other psychometric properties (evaluation); and the
inclusion of the resulting composite in subsequent analyses to assess the effectiveness of the intervention (application). In the remainder of the article, we discuss the
practicalities of using composite scores, including how
to compute, evaluate, and preregister them, as well as
their limitations.

Estimating Composites From
Theory and Data
After identifying the underlying construct of interest and
the outcome measures that will be used for estimation
(advice on how to select appropriate measures is available elsewhere; e.g., Borsboom et al., 2003; Flake &
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Fried, 2019), one needs to decide how the composite
should be calculated. Broadly speaking, composites are
created by combining multiple measures into a single
score. Assume that we have three different outcome
measures aiming to measure the same underlying construct, M1, M2, and M3. We can use these three outcome
measures to create a composite score Ĉ of the following
form:
Ĉ = w1 M1 + w2 M2 + w3 M3,

(1)

in which w1, w2, and w3 are the weights, or coefficients,
assigned to variables M1, M2, and M3, respectively. The
art of creating composite scores is in large part about
estimating these weights because there are many different ways to determine which values should be assigned,
all of which may be more or less suitable depending on
the specific circumstances.
Note that most of us are already familiar with composite scores because they encounter them almost every
day. Whenever one makes claims such as that people
watch television for 3 hr a day, or when one is calling
a specific state in the United States a “blue state” or a
“red state,” one does not mean that those statements are
valid for all in the entire population of interest. These
statements are correct on average when aggregating
across individuals. The average (i.e., the arithmetic
mean) is a special type of composite score that is unitweighted, that is, it gives equal weight to all observations. In our example, to get the average, w 1, w2, and w3
would be set to one third.
Simple averages often represent a stark improvement
over single measures (Bakal et al., 2015; see also the
Shiny app that accompanies this article). Averaging helps
decrease measurement error (for an example in the context of psychological interventions, see Moreau et al.,
2016), thus providing better estimates of theoretical constructs. In some circumstances, however, one might want
to allow more flexibility than merely adding or averaging
outcome measures. On the basis of theoretical or empirical knowledge, one might know that some measures are
excellent assessments of a construct, whereas others
might be more noisy (but—and this is key—still useful
for the estimation of a construct). This can be done by
assigning different weights to each outcome variable
forming the composite. Weights can be informed theoretically (e.g., using established population parameters
or known psychometric structures of the tests) or determined via statistical methods, such as exploratory factor
analysis (EFA) or principal component analysis (PCA). 1
Theoretical information is typically available when
using a standardized test battery to measure a welldefined construct. For example, the Wechsler Adult Intelligence Scale (Wechsler, 2008) and the Wechsler
Intelligence Scale for Children (Wechsler, 1949) are test

batteries of intelligence that consist of several subtests
and either include the subtests’ validity and reliability
scores or allow estimating them as well as their psychometric structure. In addition, a formula for how the subtests ought to be combined to form a composite score
based on these properties is typically available. If no
prespecified formula is available as part of the test battery or if a researcher decides to select measures that
are not part of a standardized battery to estimate a construct, some theoretical information might still be available. For example, if the measures have documented
evidence about their validity or reliability, this information can be used to inform the weights. More valid,
reliable measures would be given more weight than less
valid or reliable ones.
Although psychometric batteries designed to assess
theoretical constructs often use simple, unit-weighted
averages to aggregate subtest scores, other, more sophisticated procedures involve a scaling factor. When multiple outcome measures are combined together to form
a unit-weighted average, the scale of the resulting composite is different from that of the original measures.
This is because increased precision around estimates
results in smaller overall standard deviations, a phenomenon that becomes especially exacerbated as the number
of subtests increases (Moreau et al., 2016). To correct
for this inconsistency between the original standard
deviations and the standard deviation of the average,
composites are sometimes scaled, typically by expressing the average in terms of units of the square root of
the sum of the correlation matrix of all subtests, such
that
Ĉ =

M1 + M 2 + M 3 − κµ
θ

+ µ,

(2)

where 𝜅 is the number of measures included in the
composite Ĉ and μ is the population mean. In the case
of standardized measures, θ might also be known, rather
than estimated, from population-level estimates. For a
three-variable composite, the sum of the correlation
matrix θ is simply:
θ = κ + 2cor (M1, M2) + 2cor (M1, M3) + 2cor (M2, M3). (3)
Differences between simple and scaled averages are
exacerbated when intermeasure correlations get weaker
or with increases in the overall number of measures
included in the composite (see Fig. SM1 in the Supplemental Material available online and the Shiny app for
a visual illustration of this phenomenon). Thus, the
advantages of scaled composites over simple averages
are exacerbated as designs become more complex and
measurements get more noisy. Scaling composite outcomes helps provide finer estimates of an underlying
effect, especially in the dynamic context of interventions,
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while reducing error inflation and preserving statistical
power.
When reliable theoretical information is not readily
available—for example, when one combines measures
to form an ad hoc set of measures that is not part of a
standardized battery or to combine subtests of a standardized battery in a way that was not anticipated by
the original developers—another possibility is to determine the weights empirically using information either
from previous studies that have administered the same
outcome measures in the same way or from the intervention data themselves. One of the most common ways to
do this is via EFA (for a primer, see Yong et al., 2013).
In an EFA, a key step involves determining factor loadings, that is, indices of the strength or association
between a particular measure and each latent factor. In
basic implementations of the method, these factor loadings can be used as weights in the calculation of composite scores, following the general case of Equation 1.
Specifically, the factor loadings for a given factor are
simply multiplied by the standardized observed scores
before summing (for a tutorial, see DiStefano et al.,
2009). As a result, the contribution of each measure to
the composite score is a function of how well it relates
to the latent factor, weighted according to the data at
hand. In the EFA framework, those composites are
referred to as coarse factor scores.
Although coarse methods to estimate composite score
have the advantage of being relatively robust and stable
(Grice & Harris, 1998), simply weighting scores as a
function of factor loadings comes with a number of
limitations. First, the loading is a regression coefficient
in the prediction of a measure from a factor, not in the
prediction of a factor from a measure. The two are not
necessarily interchangeable, similarly to how Y = β0 +
β1X + ε is not equivalent to X = β0 + β1Y + ε. Second,
coarse factor scores might not be accurate representations of a theoretical construct given that they are heavily
influenced by the specific extraction and rotation methods used. For example, varimax rotations assume that
factors are orthogonal (i.e., uncorrelated), whereas oblimin and promax allow for nonorthogonal factors. Which
method is appropriate depends on the psychometric
structure of the latent factors, but even when assumptions of orthogonality are correct, orthogonal solutions
can nevertheless produce correlated factor scores (Glass
& Maguire, 1966). Therefore, the relationship between
estimated factors might not be reflected in the factor
scores themselves. Moreover, it is important to note that
differences in within-measure variability across the measures included in an EFA can lead to erroneous estimations of the resulting factor scores—measures for which
variability is high (i.e., large standard deviations) will
tend to be overrepresented in the calculation of factor
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loadings relative to other less variable measures (Gorsuch,
2014; Grice, 2001; Grice & Harris, 1998). This results in
higher factor loadings but is purely an artifact of the
variability in the data and does not reflect a true relationship with the latent factor. Oftentimes, measures are
standardized before EFA to prevent variability from
unduly influencing factor loadings (DiStefano et al.,
2009).2
More advanced methods, known as refined methods,
allow circumventing the aforementioned limitations. This
class of methods allows maximizing the validity of composite scores by ensuring that they correlate highly with
the latent factors. In general, weights are calculated
according to the following form (Thurstone, 1935):
W = R −1F,

(4)

in which R is the correlation matrix of the measures
included in the composite and F is the factor-loading
matrix. As with coarse factor scores, these weights are
then multiplied by the standardized observed scores
before summing. Scores calculated using these weights
are usually referred to as regression scores (Thurstone,
1935) and take into account the correlation between
factors and measures but also the correlation between
measures. This allows maximal validity but comes with
several disadvantages, including the possibility of low
correlation between observed measures and factors and
of nonorthogonality between factor scores (for details,
see Grice, 2001). Alternative methods exist to account
for these limitations, such as those described by Bartlett
(1937) or Anderson and Rubin (1956), although the associated benefits of these methods come at the cost of
validity (for an overview, see DiStefano et al., 2009). The
R package psych (Revelle, 2018) includes several functions that provide an easy way to extract composite
scores from EFA, including all major extraction methods
described herein.
Which procedure is optimal to compute composites
differs according to the outcome measures included,
their psychometric properties, and the goal of the study.
Simple averages are straightforward to understand and
interpret; scaled averages come with interesting properties for comparisons with other measures. Theoretically
informed composites have important advantages over
composites determined empirically, most notably a high
robustness because they are less dependent on specific
characteristics of the intervention data. Within datadriven approaches, coarse factor scores are often easier
to compute and relatively robust, whereas refined factor
scores require additional analytic decisions but provide
an additional scaling component based on the correlation structure, similar to that of scaled averages. Irrespective of the method one decides to use, it is important to
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note that the weights should be consistent between baseline and postintervention phases. If weights are altered
between time points, the estimated constructs will differ
in nature, which makes it difficult to assess whether
change is genuine at the latent level or just an artifact
of differences in composite estimation. Note that the
increase in precision from single measures to a composite estimated from multiple measures is often substantial,
whereas differences in performance between the various
types of composites matter only in specific instances. As
a result, using composites is key in our opinion, whereas
the specific estimation method is less important as long
as it can be justified.

Evaluating and Using Composites
When combining measures in intervention studies, it is
important to make sure the composites are valid and
reliable estimates of the underlying theoretical construct.
Questions of validity can typically be addressed by
examining the psychometric structure between the outcome measures that are being combined (i.e., the correlation between measures) at baseline. Construct
estimation is valid only if the outcome variables that are
aggregated are related, in the sense that they are the
observable manifestation of a common factor. If the composite is based on robust theoretical information, its
validity can be determined in advance; in cases in which
the composite is based on the observed data, validity
can be determined according to the specific aims of the
intervention study and the norms of the field.
Problems often arise when composites include a variety of measures with no clear relation to one another,
sometimes even defined a posteriori (Cordoba et al.,
2010). If outcomes tap different underlying constructs
than hypothesized (e.g., if an intelligence test taps substantially into a motivation construct; Duckworth et al.,
2011), the interpretation of intervention outcomes is
compromised. In this context, selecting adequate outcome measures at the onset is crucial (Coster, 2013), and
guidelines exist to help investigators define composites
that are sound and well defined (Chan et al., 2013;
Moher et al., 2010). In addition to epistemological justifications, a number of statistical procedures can help
decide on whether to combine measures into a construct
(Raykov, 1997). As a rule of thumb, different measures
are probably not tapping a common construct if they do
not correlate relatively well with one another. Ideally, this
should be determined according to known literature and
the correlation matrix of the data. Theoretical and empirical approaches can typically inform each other: A firm
grounding in theory is a necessary requirement when
estimating a construct, yet confirming assumptions with
empirical data, such as internal consistency measures
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(Peterson & Kim, 2013), is often critical (Harwood et al.,
2017; Raykov, 1997).
Another important component in the evaluation of
composites relates to their reliability. One way to assess
reliability is by comparing the psychometric structure
between the outcome measures at baseline with the
psychometric structure after the intervention. If the composite is a reliable estimate of the construct and the
intervention does not solely modulate task-specific variance, the psychometric structure is likely to be very
similar between the two time points. As illustrated in
Figure 1, the extent to which this structure changes
offers additional insight into the effects of the intervention on the construct of interest. For example, changes
in the underlying construct are likely to affect all individual measures within a relatively preserved psychometric structure. In contrast, if the psychometric structure
has changed drastically between the two time points, it
is likely that the intervention has modulated task variance
that is not related to the underlying construct. Generally,
poor test-retest reliability within measures between baseline and postintervention sessions may invite caution in
interpreting potential improvements. Ideally, this information should be provided in the form of a variancecovariance or correlation matrix.
After validity and reliability have been evaluated,
composites can be substituted for individual measures
in statistical analyses. Many intervention studies use t
tests or repeated measures analyses of variance to compare change between baseline and postintervention time
points across groups or conditions (e.g., treatment vs.
control) or analyses of covariance to model differences
in postintervention scores with baseline scores as a
covariate (van Breukelen, 2013; Wright, 2006). Given
that these models postulate that the effect of the intervention is the same for every participant—an almost
definitely untenable assumption—the use of mixed models is generally preferable (Hilbert et al., 2019; McElreath,
2020) because they allow accounting for differences in
change both at the group level and at the individual
level. This property is especially important in the context
of interventions because participants are typically
exposed to a number of unsystematic variables that are
not experimentally manipulated but can show substantial individual variability and thus greatly influence
observed change in measured outcomes. Thus, models
that account for this inherent variation can facilitate
robust inferences with enhanced statistical power and
fewer false positives (Baayen et al., 2008). Mixed models
can also seamlessly accommodate unbalanced designs,
designs with various time lengths between time points,
missing data, nonlinear relationships, continuous covariates, or complex correlational structures among individual observations (Baayen et al., 2008; McElreath,
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Table 1. Questions to Consider When Planning Interventions Involving Construct Estimation via Composite Scores
Step
Estimation

Evaluation

Application

Question

Section in preregistration template

• Which construct will be estimated?
• How many and which tests/tasks/measurements will be used to estimate
the construct?
• How will the weights be determined (e.g., using theoretical information,
empirical information, or both)?
• How will validity and reliability be determined?
• How will the psychometric structure at baseline be evaluated?
• What will be done to determine whether the psychometric structure was
altered substantially by the intervention?
• Which analyses will be conducted using the composite score?
• How will psychometric properties affect interpretation of the results?
• What heuristics (if any) will be used to interpret the results? (e.g.,
thresholds)

2020). Because increased model complexity comes with
additional flexibility and degrees of freedom in the analyses, data sharing should be encouraged to allow additional analyses with varying parameters, thus ensuring
greater impact within the scientific community.

Preregistering Composite Outcomes
The whole process of estimating, evaluating, and using
composite outcomes should preferably be preregistered
to prevent bias and undisclosed flexibility (Mellor &
Nosek, 2018; Nosek et al., 2018). Many of the more
general aspects of preregistration apply to psychological
interventions using composite outcomes; however, there
are also unique specificities that should be considered.
To facilitate the preregistration of composites, we provide a template with examples in the context of psychological interventions (see online material at https://osf
.io/u96em/). Table 1 summarizes typical questions at
each of the three steps discussed in this article and the
corresponding sections in the preregistration template.
Each step includes a number of questions that need
to be addressed before the intervention starts. Some of
these are rather straightforward, although very important
(e.g., “Which construct will be estimated and how?”
“Which analyses will be conducted?”); others require
more detail. For example, the question of determining
the weights for the composite should be carefully
described. If the weights are determined on the basis of
recommendations or reliable theoretical information,
researchers simply need to disclose what the weights
will be and on what information these are based, ideally
with supporting references from the available literature.
If, however, weights are determined empirically, great care
should be taken to explain and justify decisions. In the
case of EFA or PCA, preregistration should specify the
number of factors or components that will be extracted3
(or the threshold that will be used to determine this

Variables, Section 17.1
Variables, Section 17.1; Appendix
Variables, Section 17.1; Appendix

Variables, Section 17.2
Variables, Section 17.2; Appendix
Variables, Section 17.2
Analysis Plan, Section 18.1;
Appendix
Analysis Plan, Section 18.3
Analysis Plan, Section 20.1

number, e.g., eigenvalue > X), the method that will be
used for rotation (e.g., varimax, promax, oblimin,
equamax, quartimax), the method that will be used
to calculate factor scores (e.g., Thurstone, Bartlett,
Anderson-Rubin), how missing values will be handled,
and how EFA/PCA assumptions will be checked (e.g.,
outlier detection, multicollinearity). More generally,
aspects such as validity and reliability should be discussed as well as their influence on subsequent statistical
analyses. This can be done by inspecting variancecovariance or correlation matrices between measures,
between measures across time points, and within measures across time points. Ideally, preregistration should be
accompanied by supporting programming code detailing
each of these steps, allowing transparent and reproducible
results.

Limitations of Composite Outcomes
Although they typically represent improvements over
single outcome measures, composites are no panacea.
In clinical trials, in which composites have become very
popular to increase design efficiency, a body of literature
has also pointed out potential limitations. For example,
composites can make it more difficult to identify sources
of change or improvement (Freemantle & Calvert, 2007b;
Ross, 2007) and can make variables difficult to interpret
(Freemantle et al., 2003; Ross, 2007). By and large, these
are not limitations of composites per se, however, but
of their misuse in specific instances (Cannon, 1997;
McCoy, 2018; Ross, 2007).
Other considerations perhaps warrant further consideration, however. In cases in which the intervention involves
tests or tasks of a latent ability as part of the training regimen and measures of that same latent ability as an estimated construct at baseline and at postintervention—for
example, when training working memory with the goal
of improving working memory capacity—one should be
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aware that gains are likely to reflect distortions in the
psychometric structure of the tests (e.g., measurementconstruct relationship) rather than actual improvements
at the latent level (Shipstead et al., 2012). As a result, it
is likely that the psychometric structure that has been
reported in the relevant literature and observed at baseline is not representative of the structure at postintervention. These potential discrepancies should be directly
investigated by examining variance-covariance or correlation matrices and be factored into the interpretation
of findings—for example, important departures from
known psychometric properties for a specific field
should invite caution. Advanced modeling techniques,
especially those from the SEM framework such as LCM
and LCSM, can help in situations in which this is a concern (Moreau et al., 2016), although note that these methods are best suited to longitudinal designs with more
than two time points (Duncan & Duncan, 2009) and have
a number of other limitations (e.g., lack of transparency
and interpretability), as mentioned previously.
More generally, composite scores can be influenced
by the method used for estimation. This is especially
true when estimation is purely data-driven, as in the case
of EFA and PCA. Note that the estimation of composite
scores via EFA is known to be indeterminate, in the
sense that multiple solutions can fit the observed pattern
of data equally well (the “indeterminacy problem”; see
e.g., Grice, 2001). This aspect should be taken into
account, and researchers should recognize its influence
on the computation of composites. In addition, extracting a single factor or component from an EFA or PCA to
represent a composite can be a questionable analytic
choice in cases in which additional factors or components include a lot of information (i.e., variance) about
the underlying measures (Greco et al., 2019).
Finally, assessing a construct with multiple outcomes
can exacerbate common challenges in intervention studies, such as carryover effects (i.e., effects that persist
from one experimental condition to another) or fatigue
effects (i.e., decline in performance on an experimental
task because of tiredness or boredom; see e.g., Pan
et al., 1994). The former is often controlled with counterbalancing or with fixed testing order at all time points,
whereas the latter is typically managed by limiting the
total number of tests administered. The multiplicity of
tests necessary to create composites can also make it
difficult to blind participants to the main hypothesis: If
a testing session includes a variety of tasks all measuring
the same construct, participants are more likely to
become aware of the main hypothesis being tested, or
at least of the general trend expected (Boot et al., 2013).
If left uncontrolled, for example when studies fail to
match expectations across groups, improvements may
reflect expectancy effects or participants’ awareness of

the hypothesis rather than intervention effects (e.g.,
Foroughi et al., 2016). These factors should be considered when designing intervention studies so that the use
of multiple measures for construct estimation does not
interfere with overall validity or reliability.

Practical Recommendations
Given the aforementioned advantages and limitations of
multiple outcome measures in interventions, we would like
to make five simple recommendations to help strengthen
intervention designs in the field of psychology.

Recommendation 1: preregister
primary outcomes and confirmatory
hypotheses
Preregistration plays a key role in the context of interventions; it separates exploratory from confirmatory
research and, within the latter, makes clear which outcomes are primary and which are secondary. Before
starting the intervention, studies should preregister a
primary outcome and should state confirmatory hypotheses explicitly. The primary outcome can be broad (e.g.,
general cognitive assessment) or rather narrow (e.g.,
working memory assessment). Other measures for which
no clear prediction is made should be labeled as exploratory. Exploratory measures that appear to change as a
result of the intervention should be preregistered as
primary outcomes in subsequent confirmatory research
to allow conclusive evidence.

Recommendation 2: assess change
at the construct level
Postintervention change does not necessarily imply that
the intervention has affected the hypothesized theoretical construct. In some instances, interventions can elicit
improvements in test scores or increases in task performance by modulating variance specific to individual
measures despite being designed to influence latent
abilities, traits, or characteristics. To ensure claims of
effectiveness are founded, postintervention changes
should thus be assessed at the construct level, not at the
level of individual outcome measures.

Recommendation 3: combine multiple
outcome measures to create composites
Whenever possible, one should strive to combine multiple measures to test the primary hypothesis of an intervention. This approach is more likely to help detect
genuine changes, especially when they are subtle and
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embedded within complex, noisy systems. There are a
number of ways to compute a composite score—scaling
helps preserve distribution properties, allowing meaningful comparisons with the original variable units,
whereas weighting helps ensure that valid and reliable
variables are contributing to a greater extent to the composite than poorer measures. Different designs call for
different procedures, which can produce different composites and affect subsequent analyses. Selection of the
construct of interest and of its assessment should be
based on theoretical understanding, ideally combined
with empirical data, and should be set before the intervention begins.

Recommendation 4: assess validity
and reliability of the composite
Because they often do not uniformly affect all outcome
measures, interventions can alter the psychometric structure relating outcomes and constructs. This can affect
the validity and reliability of the composite. To help
gauge the extent to which an intervention perturbed
known psychometric structures, authors should report
psychometric properties for all testing sessions in the
form of variance-covariance or correlation matrices for
all outcome variables. This information gives readers an
indication of the validity of the outcome measures in the
specific context of the intervention and allows putting
claims of improvement in context. In addition, test-retest
reliability should also be reported—this information
helps determine whether change is fairly uniform across
individuals or whether it has affected some individuals
more than others. In the latter case, attention should be
paid to ensure validity has been preserved. Together,
indices of validity and reliability help determine whether
improvements are likely to be task-specific or reflect
broader change at the construct level.

Recommendation 5: follow general
guidelines for intervention studies
Finally, a number of suggestions have been made elsewhere about the importance of implementing interventions with adequate experimental designs (Boot et al.,
2013; Moreau & Conway, 2014; Shipstead et al., 2012;
Simons et al., 2016) or with respect to the use of appropriate statistical techniques for the analysis of intervention outcomes (McArdle, 2009; Moreau et al., 2016).
More generally, it is essential to follow best practices in
the design of interventions such as those outlined in the
SPIRIT statement (Chan et al., 2013), which provides a
number of suggestions for the type of information that
needs to be included in clinical trial protocols, as well as
guidelines for reporting clinical trials and psychological
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interventions such as the Consolidated Standards of
Reporting Trials statement (Schulz et al., 2011) and the
extension for social and psychological interventions
(Grant et al., 2018; Montgomery et al., 2018). These
documents summarize recommendations to alleviate
common problems in the reporting of randomized controlled trials and allow standardized communication for
greater impact and outreach. The Journal Article Reporting Standards for Quantitative Research in Psychology
(https://apastyle.apa.org/jars/quantitative) can also provide general methodological guidelines of relevance for
interventions.

Concluding Remarks
In this article, we have shown that the multiplicity of
outcomes measures in intervention research comes with
a number of advantages and limitations that are important to consider. When assessed separately, using multiple measures can lead to inflated error rate or loss of
statistical power, but it can also enable construct estimation via composite outcomes pooling individual measures together. In our view, this approach has undeniable
strengths that should be harnessed in intervention
research. We have discussed a number of methods to
compute, evaluate, and use composites and provided
practical recommendations tailored to the field of psychology and a visual, interactive tool to help build an
intuition for the benefits of this approach. We hope this
contribution can facilitate the design of valid and informative interventions in psychological research.
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Notes
1. Note that it is also possible to use confirmatory factor analysis (CFA) to incorporate the hypothesized psychometric structure among variables into the empirical analysis. Thus, it can be
viewed as an intermediate approach, between fully theoretical
composites and those determined statistically. CFA is not discussed further in the present article because it does not differ
fundamentally from EFA for the purpose of creating composites
and is not commonly used in this way. When reliable theoretical
information is available to inform the weights of the composite,
approaches such as standardized battery indices or scaled averages should typically be preferred.
2. Alternatively, it is also possible to factor the correlation matrix
rather than the covariance matrix, which achieves the same goal
of standardization.
3. In certain cases, a researcher might intend to extract more
than one factor, for example when the intervention is thought
to influence more than one underlying construct. Ideally, this
should be determined in advance, based on theoretical knowledge, and confirmed with a CFA.
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