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ARTICLE INFO ABSTRACT

Keywords: Measurement validation in consumer research is ideally performed within the context of a multi-trait multi-
Calibration method matrix (MTMM). While statistically well developed, this approach has several shortcomings that limit its
Measurement domain of application: (1) the requirement for sufficiently unrelated latent variables that can be measured with
PMsirtcrl?cl)?ngztrics the same methods, (2) the requirement for conceptually different methods to disambiguate trait from methods,
Uncertainty and most seriously (3) the difficulty in identifying a more valid over a less valid method. We compare the MTMM
Validity approach to experiment-based calibration, an alternative framework for validating those latent variables that can

be externally manipulated. We show how calibration lets researchers make distinctions between even closely
related measurement methods, dispenses with the need for unrelated latent variables, and enables optimization
of the measurement evaluation procedure itself. Calibration can be an important part of an integrative validity
argument in consumer research and, more broadly, across the social sciences.

1. Introduction

Most theories in consumer research are formulated in terms of latent,
not directly observable, variables, such as brand image, customer
satisfaction, or corporate reputation. Validation is the process of
objectively evaluating the quality of measurements of these latent var-
iables and usually rests on multiple sources including quantitative
metrics (Kane, 2016; Messick, 1987). The validity of measurements
addresses perhaps the most fundamental confound to scientific infer-
ence—without valid measurements, valid inference is impossible. Over
the past seven decades, psychometrics has developed a canonical
approach for measurement validation, embodied in a multi-trait multi-
method (MTMM) matrix. This approach features prominently in applied
research, including in studies published in Journal of Business Research
(e.g., Coote, 2011; Czakon et al., 2023; Mishra, 2000; Ong et al., 2015;
Suoniemi et al., 2021). Core aspects of the MTMM matrix approach go
back to Cronbach and Meehl (1955) and Campbell and Fiske (1959).
Convergent validity is the degree to which an observed variable, used as
an indicator for a latent variable, has strong correlations with other
observed variables purportedly associated with the same latent variable.

* Corresponding author.

Discriminant validity is the degree to which such an observed variable
has weaker correlations with observed variables purportedly associated
with a different latent variable. Convergent and discriminant validity
can be embodied in an MTMM matrix when several latent variables are
quantified using the same set of multiple methods (Franke et al., 2021).
Fig. 1 illustrates an MTMM matrix for the latent traits of choice confi-
dence and political extremism. Choice confidence is relevant in the
context of consumer research (Olsson, 2014), and political extremism
might be the sort of potentially unrelated trait that might be used to
establish discriminant validity for indicators of choice confidence.

While the literature on statistical evaluation of MTMM matrices is
fairly well developed (Eid & Nussbeck, 2009; Helm, 2022; Hofling et al.,
2009; Oort, 2009; Widaman, 1985), its practical application is not trivial
(Zumbo & Chan, 2014), and the methodological inferences that can be
drawn are not always as precise as would be desirable (Fiske, 1982;
Kenny, 2021). Furthermore, MTMM assessment focuses on the study of
individual differences, and its application remains challenging when
stable between-person variance is low (Bach, 2023b). Indeed, the
emphasis on MTMM matrix assessment in applied research may be
partly driven by the absence of available alternatives.
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This paper describes another approach to measurement validation,
one based on experimental calibration. Experiment-based calibration
can be an effective approach for indicators of latent variables that
change over time and that can be externally manipulated, as is
commonplace in consumer research as well as in many fields of psy-
chology. We illustrate the distinct advantages of the MTMM matrix
approach and the calibration framework by drawing on the example of
choice-confidence measurement, for which different measurement
methods support divergent models of the role of overconfidence in
financial decisions (Moore, 2022; Moore & Healy, 2008; Olsson, 2014).

2. MTMM-based validity assessment

Spearman (1904a, 1904b) launched fundamental innovations that
continue to dominate quantitative social science. Spearman argued that
very high correlations among disparate tests associated with a wide
range of abilities proved the existence of a single, unitary “intelligence”
or “intellectual energy” factor. Spearman’s work thus gave rise to the
notion of “convergent validity™: different tests of intelligence should
correlate with each other.

Later scholars rejected the theoretical notion of one general intelli-
gence factor in favor of different facets of intelligence, such as word

Trait 1, Method 1
Which country has a population with higher
mean life expectancy?
A: Sudan
B: Indonesia <
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& Meehl, 1955). If discriminant validity is not established, “researchers
cannot be certain results confirming hypothesized structural paths are
real or whether they are a result of statistical discrepancies” (Farrell,
2010, p. 324; see also Radomir & Moisescu, 2019). A prominent
approach that relies on the MTMM matrix for discriminant validity
assessment is Henseler et al.’s (2015) HTMT metric, which is computed
as the ratio of average heterotrait-heteromethod and monotrait-
heteromethod correlations (Franke & Sarstedt, 2019)." In its original
presentation, the HTMT metric relied on the geometric mean of the
average monotrait-heteromethod correlations, but variants have been
proposed that apply different calculation rules (e.g., Ringle et al., 2023).

Further complicating the assessment of test validity, test outcomes or
scores can be the result not only of substantive latent variables but also
of aspects of the tests themselves (Campbell & Fiske, 1959). The lan-
guage used in paper-and-pencil tests, for example, can profoundly affect
scores on many tests of entirely independent latent variables. Such ef-
fects of test features (i.e., language in verbal tests) became known as
method effects or common methods bias. Thus, if two independent traits
are assessed with similar instruments and the resulting measurements
are highly correlated, a method effect is present (Campbell & Fiske,
1959). This complicates the interpretation of convergent validity scores.
In order to distinguish the impact of latent variable from method effect,

Trait 1, Method 2
Express the probability that the following
statement is correct:

Convergent validity

> Sudan’s population has a higher life

Express the probability that the selected
answer is correct:

50% 100%

Trait 1
MTMM matrix

Method 1

Method 1
Trait 1
Method 2

Discriminant
validity

Method 1

Trait 2, Method 1
Which option would you rather agree with?
A: Criminal law should be abolished in favour
of a dog-eat-dog approach.
B: A strong government should tightly surveil

Method 2

Convergent validity Discriminant validity

Method 2
v

Convergent validity

expectancy than Indonesia’s.

0% 100%

Trait 2

Method 1 Method 2
Discriminant

Discriminant validity validity

Convergent validity

Trait 2, Method 2
Express the degree to which you agree with
the following statement:
The view “Criminal law should be abolished in
favour of a dog-eat-dog approach” is

all citizens’ activities in order to protect them «
from criminals.
Express the degree to which the selected

answer reflects your position:

50% 100%

” preferable to an alternative view, “A strong
government should tightly surveil all citizens’
activities in order to protect them from
criminals”.

0% 100%

Fig. 1. Example of an MTMM matrix assessment. Notes: Two traits are assessed with two methods; the target variable (Trait 1), taken from Olsson (2014), is “choice
confidence” and the unrelated trait required for establishing discriminant validity (Trait 2) is “political extremism.” Both of these traits are considered latent variables
that can be measured with different methods. The MTMM matrix is the correlation matrix between the 2 x 2 measurements. Dark grey fields are ignored. The figure
notes the fields that are associated with convergent validity and with discriminant validity.

understanding or logical reasoning (e.g., Thurstone, 1935). With that, it
was no longer desirable for all tests to correlate strongly. Two tests
associated with two conceptually unrelated latent variables should not
correlate highly, thus demonstrating “discriminant validity” (Cronbach

1 For a review of discriminant validity assessment techniques, see Ronkko
and Cho (2022).
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“...more than one trait as well as more than one method must be employed
[italics in original]” (Campbell & Fiske, 1959, p. 81) within the same
validation study. Campbell and Fiske’s (1959) MTMM approach relied
on “eyeballing” a correlation matrix—simply counting the number of
correlations that met or failed to meet a criterion, with no inferential
basis.

The advent of confirmatory factor analysis created the opportunity
for a more formal approach. For example, Joreskog (1971) suggested
comparing the fit of models that either constrain, or do not constrain,
correlation between common factors, as a way of testing for discrimi-
nant validity of the indicators of those common factors. Fornell and
Larcker’s (1981) proposal, by contrast, sought to extract information on
convergent and discriminant validity from factor model parameter es-
timates. Their somewhat simplistic approach has been highly popular-
—Google Scholar records almost 130,000 citations for this single paper
as of April 2025.

Later, more elaborate techniques stipulated complex factor struc-
tures such that the model closely and precisely corresponded with the
relationships believed to underlie the data, including representations of
both traits and methods as common factors. Such an approach can yield
incremental goodness of fit tests for convergent and discriminant val-
idity, within the constraints of the common factor model (Widaman,
1985).

More recently, multilevel modeling approaches have been applied to
MTMM data, taking numerical outcomes across multiple latent variables
and using multiple methods to be clustered by respondent (e.g., Eid
et al., 2008). Still, such models are somewhat rare, perhaps partly
because they are inclined to problems involving nonconvergence and
improper solutions (Kline, 2011) and limitations in model complexity
(Maas et al., 2009).

3. Complications of the MTMM matrix approach

While MTMM-type validity assessments are commonly applied in
consumer research and across the social sciences (Kenny, 2021), this
approach comes with several challenges. These relate to the identifica-
tion of (1) a sufficiently unrelated latent variable that can be assessed
with the same method, (2) unrelated methods to independently capture
the same latent variable, and (3) determining which method better
captures the latent variable under consideration. To illustrate these
problems, consider Olsson’s (2014) Journal of Business Research study of
methodological diversity in the measurement of (over)confidence—see
also Pillai (2014). We selected this particular example for two reasons.
First, choice confidence is regarded as a stable trait with sufficient
interindividual variability to enable MTMM matrix measurement val-
idity assessments—but at the same time, it also depends on the type of
choice being made, and thus it can be manipulated externally. Second,
the measurement of choice confidence poses a substantive problem that
we believe has not typically been highlighted in methodological MTMM
discussions: different measurement methods, even though purporting to
measure the same latent variable and generally converging, support
different prevalence of overconfidence in the population, with impli-
cations for models of financial trading (e.g., Deaves et al., 2009). This
highlights the importance of determining which of two convergent
measurement methods is the “more valid” one.

Olsson (2014) presented two measures of confidence: the half-range
method and the full-range method. In the half-range method, partici-
pants answer a binary knowledge question (“Which country has a pop-
ulation with higher mean life expectancy? A: Sudan, B: Indonesia”;
Fig. 1) and also report confidence in their choice on a scale from 50 %
(no basis to prefer one answer or the other) to 100 % (entirely confident
in their choice). In the full-range method, participants indicate their
answer to the same knowledge question on a scale from 0 % (certainly
option A) to 100 % (certainly option B); the distance from the opposite
(unfavored) answer constitutes the confidence metric (i.e., it can range
from 50 % to 100 %). On the face of it, the two methods appear rather
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similar (i.e., both can be said to have content validity), and there is no a
priori reason to favor one method over the other.

The first challenge in validating such instruments with the MTMM
approach is to find an unrelated latent variable that is conceptually
sufficiently different from choice confidence, but that can be measured
with the same method. Both methods in the example link a factual
statement with a confidence statement. It is at least challenging to
disentangle these two aspects and combine the response format with a
different question that is unrelated to confidence. The suggestion we
make here is meant to illustrate these difficulties. One example of an
unrelated latent variable might be “political extremism” in a political
attitude survey (Pecot et al., 2021). Thus, one might ask persons
whether they agree more with two conflicting and politically extreme
statements A or B and then how strongly they agree with the chosen
answer, on the full or half-range scale. Of course, the assumption that
political extremism is unrelated to the propensity to be confident about
one’s judgements might be incorrect. This illustrates the general prob-
lem in finding suitable unrelated latent variables. Indeed, in their survey
of validation practice, Zumbo and Chan (2014, p. 322) observed a “high
frequency of convergent evidence [...] but relatively low inclusion rates
of discriminant evidence.”

The second challenge is to find unrelated measurement methods for
the focal latent variable; that is, confidence. In our example, the half-
range method and the full range method are relatively similar rather
than being entirely unrelated. Both require a verbal understanding of the
factual statement, both use a visual analogue scale, and both require a
fair amount of motivation and sustained attention. This illustrates a
general difficulty with the use of the MTMM approach: the methods
represented in an MTMM matrix should be distinct, but in practice they
are often very similar. The need to use several methods to measure the
same latent variable is also a serious practical constraint for all fields in
which the range of established methods is limited, when measurement is
time-consuming or expensive, or when validating the first method for a
novel latent variable.

The third difficulty is that if two measurement methods show
convergent validity, the MTMM approach is not designed to tell which of
the two is “more valid.” It can tell us which of the methods correlates
more strongly with an extracted common factor—but because the
common factor depends on the set of methods included, it is not the
same as the unobserved latent variable (Rigdon et al., 2019).

In the following sections, we present an approach that dispenses with
the need for an unrelated latent variable and additional measurement
methods. Its results can also give a clear answer as to whether and which
observed variable is more closely related to the latent variable in
question.

4. Metrology and calibration as the standard approach in
physical sciences

Up to here, we have conformed to the standard psychometric
perspective on “measurement” as prevalent in consumer research, and
generally in the social sciences. According to this perspective, “mea-
surement” means the act of establishing an empirical basis for an un-
observed variable, such as obtaining a questionnaire response. This
questionnaire response is then transformed into an estimate of the un-
known latent variable (e.g., by estimation of a factor model or by
forming a sum score). By contrast, “measurement” in metrolo-
gy—measurement science in the physical sciences—means obtaining a
quantitative value for an unknown attribute of an object, such as its
mass. This process may already include a data transformation or infer-
ence procedure, such as inferring the mass of an object from the
observed compression of a spring (Estler, 1999). This difference com-
plicates the comparison of “measurement” concepts across this disci-
plinary divide, which researchers have started addressing only recently
(e.g., Rigdon et al., 2019, 2020, 2023). In the following, we seek to
bridge this gap and apply selected concepts from metrology to the social
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sciences.

In metrology, researchers routinely compare the performance of
their instrument to that of a reference that is well-established—a prac-
tice known as calibration (Phillips et al., 2001). This reference may itself
be calibrated to another reference, and so forth, creating a chain of
calibrations which connects to a so-called measurement standard. In the
past, such standards were often based on prototypes such as the proto-
type kilogram (a specific block of metal) or prototype meter (a specific
metal stick) stored in secured vaults under controlled conditions. Such
material standards are obviously not usable in the social sciences
(Krantz et al., 1971), but they are also not mandatory for calibration. In
fact, metrology in recent years has moved away from material standards
and toward experiment-based calibration. Since 2019, all of the seven
main international standard or “SI” units used by the physical sciences
are calibrated against the outcomes of carefully designed experiments
that prescribe particular desired values from substantive theory. This
approach resonates with many areas of experimental research in which
external manipulations are used to change the value of a latent variable.

5. Using calibration experiments to assess measurement validity
in consumer research

Our proposed experimentalist complement to the MTMM approach
exploits the idea that validity can be assessed by measurement of criteria
that are believed to be closely related to the latent variable in question;
for example, “tests measuring related [...] constructs” or “criteria that
the test is expected to predict” (AERA et al., 2014p. 16). Here, “con-
structs” refers to underlying latent traits. However, the calibration
approach is broadly applicable to (multi-item) common factors, single
observed variables, and other types of measurement (e.g., weighted
composites) that researchers use to measure certain traits (e.g., Hair
et al., 2024a, 2024b; Sarstedt et al., 2024). In addition, our proposal is
based on the idea that observations can be taken in different temporal
orders. Researchers may refer to “concurrent validity” when the two
observations are taken at the same time, or “predictive validity” if a
measurement of a latent variable is used to predict the criterion at a later
time point (Cronbach & Meehl, 1955). In addition—crucially, for our
argument—the criterion could also be measured at an earlier point in
time; that is, could be an antecedent of the latent variable in question
(Messick, 1987, p. 89). For latent variables that are subject to external
manipulation, an effective experimental treatment would itself be an
antecedent of the latent variable and could be used as a criterion to
evaluate validity, as has long been suggested for educational measure-
ment (Messick, 1987, p. 89): a valid test of mathematical skills should
distinguish between students who did an intensive mathematical
training, and those that did not. That is, the predicted effect of the
experimental treatment (the independent variable) ought to correlate
with a measurement (of the manipulated trait) that is taken at a later
time point. Bach and Melinscak (2020) have referred to this correlation
as “retrodictive validity,” and this approach is essentially equivalent to
experiment-based calibration in the physical sciences (Bach et al.,
2020). The main difference is that psychological latent variables, at the
present state of knowledge, have no natural scale. Hence, while cali-
bration in the physical sciences would numerically compare individual
measured values to individual values based on the accepted standard,
calibration in the social sciences focuses on the correlation between
“standard” values, which ought to be the outcomes of an experimental
manipulation, and the actually measured values (Fig. 2).

To implement experiment-based calibration, researchers must seek
an experimental procedure which impacts the measurand (the true value
of the latent variable); for example, “confidence” in our running
example (Fig. 2). At this stage, some scientific consensus is needed on
how the treatment affects the latent variable. This could be an ordinal
theory (e.g., a certain educational program improves literacy from “low”
to “high”), or a numerical theory (e.g., doubling physical luminance of a
certain colored object is expected to change the perceived lightness from
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Experiment
Standard
(predicted) True
score score
—
Aberration
w
Retrodictive
validity Error
cor(s, y) &

y

Measured
score

Fig. 2. Calibration experiment. Notes: The double-headed lines denote differ-
ences; the double-headed curve denotes a correlation. An experiment (grey box)
is performed to impact the latent variable in question. The independent variable
(not shown) is designed to achieve predicted standard values s, which are
determined a priori. The difference between predicted and actually achieved
(unknown) true scores is denoted experimental aberration. Several measure-
ments are taken to quantify the value of the latent variable (only one shown in
the figure). The correlation of this measured score with the predicted standard
score is termed “retrodictive validity” and ranks different measurement
methods by their accuracy.

value J; to value Jy). Based on this theory, researchers can specify
predicted values for the change in the manipulated latent variable.
These predicted or “standard” scores s are the values which the latent
variable is expected to take on if the treatment performs as expected and
if the actual value of the latent variable could be known. They are
established with knowledge of the experimental design and the moti-
vating theory, but before the experiment is conducted and thus without
knowledge of the scores actually obtained, and so are exogenous to the
outcome.

While prior knowledge and theory lead to predicted standard scores,
the actual execution of the experimental procedure will generate un-
knowable true scores t of the latent variable, for example, true confi-
dence scores (Fig. 2). Note that our definition of the true score is based
on metrological convention and differs from classical true score theory.
True score theory would define a “true score” in relation to a particular
measurement method, as the expected value of measured scores across
respondents or across hypothetical repeated samplings (Nunnally &
Bernstein, 1994). In our usage, and consistent with metrology practice
as well as other psychometric approaches, true scores are defined here as
consequence of an experimental manipulation, independent of whether
and how that consequence is measured (Borsboom, 2005; Haig & Evers,
2015). We define experimental aberration @ as the difference between
standard scores, predicted on the grounds of prior knowledge and the-
ory, and the unknown true value of the measurand. Like true scores
themselves, experimental aberration is unobserved. Neither standard
nor true scores depend on the measurement method, rendering experi-
mental aberration independent of the measurement method and beyond
the reach of any “method effects.”

Measurements are then designed to capture the (unknown) true
scores, but the results of measurements are measured scores y (Fig. 2).
Measurements utilizing different methods will likely result in different
measured scores. The measured scores that are obtained will be affected
by the unknown true scores to some degree, but will deviate from those
true scores due to systematic shortcomings of the specific measurement
method as well as due to random variation. This difference is mea-
surement error ¢, which will likely vary across methods.
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Obviously, the validity question could be settled if the researcher
could calculate the correlation between each set of measured scores and
the true scores—but true scores are unavailable. However, the
researcher can calculate the correlation between measured scores and
predicted standard scores. The correlation between each set of measured
scores and the corresponding set of predicted standard scores (i.e.,
retrodictive validity) depends on both experimental aberration and
measurement error. Because experimental aberration (the difference
between expected standard scores and true scores) is the same for all
methods within a particular study, any difference in retrodictive validity
between the measurement methods can only be due to differences in
measurement error. Under the fairly general assumption that aberration
and measurement error are not linearly related, it can be shown that the
method with higher retrodictive validity—a higher correlation between
standard score and measured score—minimizes overall measurement
error variance, which is the sum of systematic and random components
(Bach et al., 2020). Thus, the experimental manipulation and the
exogenous standard scores provide a means to quantitatively determine
the relative measurement error, and thus the relative validity, of the
different measurement methods employed in a study. Retrodictive val-
idity does not distinguish between random error variance and system-
atic error variance, but a variety of techniques are available for assessing
the reliability of instruments, which reflects their random error
variance.

The formal basis for experiment-based calibration evolved in the
study of associative learning using psychophysiological indices. How-
ever, a number of calibration studies have been published in the wider
field of experimental psychology (Table Al in the Appendix), encom-
passing associative learning, emotion, and cognitive processes. In a
typical calibration example, Xia et al. (2023) sought to compare validity
of different measurement methods for a specific implementation of
associative learning—that is, humans’ learning to predict an aversive
outcome (unconditioned stimulus, US) after a contingently preceding
neutral cue (conditioned stimulus, CS), which plays a central role in
explaining consumer behavior (e.g., Girard et al., 2019). Associative
learning strength can be measured by the magnitude of a conditioned
response (CR) when encountering the CS. Following (ordinal) learning
theory, Xia et al. (2023) assumed that coupling a “CS+” with an aversive
US would lead to a higher degree of associative memory than coupling
another “CS-“ with no US. Thus, they defined two standard values,
“high” and “low,” dummy-coded as 1 and 0. In an actual learning
experiment, in which participants were exposed to sequences of CS/US
couplings, they recorded five types of psychophysiological observables.
For each of these, they formed an estimate of associative learning for the
CS-/US relation, and for the CS+/US relation, which yielded two values
per participant. These were correlated with the standard values (0 for
CS-/US and 1 for CS+/US), yielding retrodictive validity values. For
three of the five observables, retrodictive validity was not appreciably
different from zero, and thus they did not appear to measure anything
that is related to the standard values. For the remaining two, retrodictive

validity, computed as rsy = \/ﬁ, where d is the average within-subject

difference, divided by its standard deviation, were as follows:

Method 1, based on fear-potentiated startle: rsy = 0.46
Method 2, based on pupil dilation: rgy = 0.60

In summary, pupil dilation yielded the highest retrodictive validity,
thus establishing that it was more closely related to true associative
learning than any of the other measurement methods implemented.

Going beyond this formal approach of retrodictive validity, there is a
plethora of published work using similar reasoning. For example, in
applied educational measurement, there is a common argument going
back to Messick (1987) that test scores should be higher after than
before training, and that this establishes validity. Table A1 in the Ap-
pendix includes some example applications of this argument.
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6. Simulated comparison of MTMM and calibration

In practice, because the MTMM approach and the calibration
approach both constitute large-scale efforts, researchers will usually opt
for one or the other, and not both. Furthermore, there are probably
many latent variables that are not amenable to either calibration,
because they defy external manipulation, or MTMM assessment, because
there is no stable between-person variance (Bach, 2023b), or because of
a lack of either convergent methods or unrelated latent variables.
Recognizing this complication, here we illustrate the advantages and
shortcomings of both methods with a simulated comparison, based on
our initial example of confidence measurement (Fig. 1). Drawing on a
large body of literature, we can assume that our example latent variable,
“confidence,” is amenable to external manipulation (i.e., it depends on
the particular decision to be taken) and has relatively stable between-
person variance when external factors are held constant. Thus, both
validation approaches can in principle be used. Following Deer et al.
(2025), we made our simulation code and results available on the Open
Science Foundation platform at https://osf.io/2a6qp/.

First, we use the aforementioned paper-and-pencil procedure to
establish four measurements: confidence with both the full-range pro-
cedure (Y11) and the half-range procedure (Y2), and political extremism
with both the full-range and the half-range procedures (Ya;, Ya2).
Because these variables have no natural scale, we assume all true scores
to be mean-centered and to have unit variance. The simulation also
added independently and identically distributed (iid) measurement
noise and a method effect to the true scores, to simulate the observed
values. Furthermore, we assume that the measurement of confidence
relates to the true score non-linearly, and that this non-linearity is less
pronounced for the full-range method than for the half-range method (i.
e., the full-range method is more truthful than the half-range method).
Table 1 shows the resulting MTMM matrix.

The simulation produces a pattern of correlations among the
observed variables which would be consistent with a positive evaluation
of measurement validity. The simulated results indicate that, as methods
for measuring confidence, the two methods have a substantial degree of
both convergent validity and discriminant validity. Notably, reliability
assessment (diagonal entries in Table 1) yields similar results for both
methods, because the observation noise is identical in our example, and
the higher simulated inaccuracy for the half-range methods stems from a
non-linearity.

Next, we simulate a calibration assessment (Fig. 3). Doing so requires
an experimental procedure that uncontroversially impacts the latent
variable in question. In our confidence example, we know from much
previous work that stimulus properties in perceptual decisions impact
confidence (Vickers, 1979), and a variety of methods for manipulating

Table 1
Numerical example for the proposed approach.

MTMM assessment Confidence Political extremism
Full- Half- Full- Half-
range range range range

Confidence Full-range 0.958 0.877 0.064 0.014

Half-range 0.999 —0.040 —0.004

Political Full-range 0.653 0.647

extremism Half-range 0.634
Calibration Retrodictive 0.473 0.270
assessment validity

Notes: Upper part: classical MTMM assessment shows high convergent validity
between the methods, high discriminant validity, and a small degree of methods
variance. Diagonal entries show test-retest reliability. Lower part: retrodictive
validity (correlation with experimental criterion) is appreciably higher for full-
range than half-range method. In our simulations, this is due to a non-linearity in
the measurement which is more pronounced for the half-range method. Simu-
lation code available at https://osf.io/2a6qp/.
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—

Condition 1
Stimulus contrast: high.
Standard (predicted) value
for confidence ratings: 1.

Method 1
Are the two gratings tilted in the same way?
A: Yes
B: No

Express the probability that the selected
answer is correct:
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—

Condition 2
Stimulus contrast: high.
Standard (predicted) value
for confidence ratings: 0.

Method 2
Express the probability that the following
statement is correct:

The two gratings are tilted in the same way.

50% 100% 0% 100%
Calibration result
(correlation between s Measured values y
and y)
Method 1 Method 2

Standard values s

Retrodictive validity for method 1 Retrodictive validity for method 2

Fig. 3. Example of a calibration experiment for the assessment of choice confidence.

stimulus properties are available in the psychophysics literature.
Manipulating stimulus properties, then, constitutes an experimental
procedure that impacts trial-by-trial decision confidence. A common
perceptual decision-making task is to ask participants whether two sets
of parallel lines (“visual gratings™), presented next to each other on a
screen for a short interval, have the same or different orientation. For
relatively similar orientations, this task is easier when the brightness
contrast between lines and background is greater (e.g., black lines on a
white background renders the task easier than dark grey lines on a light
grey background). Whenever the task is easier, participants are likely to
express more confidence in their decision (Bang et al., 2019). Thus, we
can use brightness contrast to manipulate confidence. The experimental
procedure defines the predicted standard values for the measurand
(which might just be on two levels: “high confidence” and “low confi-
dence,” dummy-coded as 0 and 1). These standard values serve as an
exogenous validity criterion.

Now the experiment is performed with many trials per participant in
four conditions. On each trial, the participant is shown two high or low
contrast gratings. They are asked whether each pair of gratings have the
same orientation and how confident they are about this, either on the
half-range scale or on the full-range scale. Confidence values from each
condition and participant are then averaged. For each of the two mea-
surement methods, high- and low-contrast confidence values from all
participants are then correlated with the predicted standard scores.

The resulting retrodictive validity values are shown in the bottom
row of Table 1. Both methods have substantial correlations with the
standard scores, indicating some degree of validity. This resonates with
the results of the MTMM matrix assessment. However, retrodictive
validity substantially differs between the methods, and is appreciably
higher for the (theoretically more accurate) full-range method. Notably,
the numerical values of the retrodictive validity coefficient have no

direct interpretation in terms of measurement error alone because they
depend on both measurement error and experimental aberration, and
the latter is unrelated to measurement method. The values of the
retrodictive validity coefficient are meaningful only in a categorical
sense (i.e. that they differ from zero establishes validity for both
methods), and importantly, in relation to each other. This latter type of
ranking was not possible in the MTMM approach. Crucially, it also did
not require the assessment of political extremism as a control variable.

7. Advantages of the calibration experiment approach

It is easy to see partial parallels between experiment-based calibra-
tion and the MTMM matrix approach, but the calibration approach
solves several of the difficulties associated with the classical technique,
while opening the way to address additional goals.

7.1. Removing common methods bias

First and foremost, the calibration approach better manages the
potential confound of common method bias. In calibration, the experi-
mental treatment plays the role of one of the methods. Common method
bias across the experimental treatment and the instruments being tested
seems less likely than it does across different instruments being
administered to respondents, often simultaneously. In the calibration
approach, common methods variance across competing measurement
instruments may blur distinctions between the alternative instruments,
but it cannot make the weaker measure seem like the stronger one, as
can happen when convergent validity is assessed in the conventional
MTMM procedure.



D.R. Bach et al.
7.2. Dispensing with unrelated latent variables

Second, and as a consequence, the assessment of discriminant val-
idity becomes obsolete. Assessing discriminant validity is primarily
driven by concern about common method covariance. Calibration is not
subject to this limitation. While method variance can appear to increase
convergent validity metrics, it will reduce retrodictive validity (covari-
ance with the experimental treatment). This disadvantages any mea-
surement instrument affected by construct-irrelevant variance in a
direct comparison of several methods. Hence, an explicit assessment of
method variance is not necessary for the interpretation of retrodictive
validity metrics.

The problem of common method variance in the MTMM matrix
approach corresponds to the problem of experimental confounds in
experiment-based calibration. If an experimental manipulation is not
entirely selective, then one might erroneously end up with a measure-
ment method that measures the confound, rather than measuring the
latent variable in question (Bach, 2023a). This, however, is a classic
problem in experimental design (Lipsitch et al., 2010). Assessing and
controlling for confounds is relevant for any substantive experimental
research, whereas finding unrelated latent variables and discriminant
methods might arguably be more relevant for psychometric assessment
only. We would therefore venture to suggest that in experimental
research, solutions to control confounds are more developed than so-
lutions to the unrelated latent variable / unrelated method problem.

In cases where confounds are not sufficiently controlled within one
experimental manipulation, a common solution is the use of negative
controls: experimental manipulations that are supposed to not have the
desired effect. Experimental research is rife with examples of this sort
(often compiled into series of experiments, some of which are supposed
to show an effect and others the absence of an effect). In the framework
of experiment-based calibration, one could then perform negative-
control calibration and favor methods that show high retrodictive val-
idity in the main calibration experiment and low retrodictive validity (i.
e., little covariation with the confound) in the negative-control experi-
ment. In our example, one might speculate that stimulus contrast—or,
generally, decision difficulty—impacts not only confidence but also
perceived social expectations as a confound (Nascimento & Loureiro,
2024): respondents might feel that they are expected to demonstrate
lower confidence for more difficult decisions, even if their actual level of
confidence is unchanged by the experimental treatment. One might then
execute a negative control experiment in which social expectations are
manipulated in a different way; for example, expressing confidence
ratings alone in a room with assurance that they are only going to be
seen by the computer in one treatment, versus expressing confidence
ratings with several researchers watching, in the other. If a measurement
instrument measures only decision confidence and not social expecta-
tions, then it would show low retrodictive validity for the social desir-
ability latent variable in this experiment.

7.3. Direct comparison of convergent methods

Third, calibration provides a quantitative metric, retrodictive val-
idity, to compare even closely related measurement methods. This is a
crucial advantage over the classical MTMM matrix approach. In our
example, we wanted to know whether the half-range method or the full-
range method for measuring choice confidence is more appropriate,
because they support diverging theories. The MTMM matrix approach
finds no answer to this question, but the calibration approach does: if
measured scores from one method have a closer relation to the standard
values, then retrodictive validity will be higher. This closer relation
might stem from more precise measurement (i.e., less random variation
across repeated measurement of the same true score) and/or from more
truthful measurement (i.e., closer association of averaged measurements
with the true scores). To distinguish between these two scenarios, one
might complement experiment-based -calibration with reliability
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assessment, which addresses measurement precision on its own.
Because the calibration approach ranks methods according to their
retrodictive validity, it affords the possibility of incremental and itera-
tive improvement in measurement method. Such incremental develop-
ment has so far been restricted to improvements in reliability, where a
clear ranking of methods is possible. However, improved reliability
might come at the cost of lower validity. The calibration approach opens
a means to make this crucial distinction and to enable long-term stra-
tegies to improve measurement practice. In this vein, experiment-based
calibration can also be used for combining several related measurement
methods (e.g., different questionnaire items) into a weighted score in
order to derive an even more accurate estimate of the value of a trait. In
this strategy, the optimal weights can be normatively derived by the
criterion of maximizing retrodictive validity (Mancinelli et al., 2024).

8. Discussion, future directions, and conclusion

The calibration approach offers several potential advantages over the
MTMM matrix approach. It dispenses with the need for unrelated latent
variables and enables optimization of the psychometric procedures
themselves. Calibration can thus complement classical psychometrics
for those latent variables that are amenable to external manipulation.
The calibration approach could become part of an integrative validity
argument in consumer research.

While calibration appears conceptually plausible for many latent
variables that can be externally manipulated, the prevalence of studies
assessing such latent variables differs across the various branches of
consumer and marketing research and, more broadly, in psycholo-
gy—see Table 2 for an overview. We suggest that experiment-based
calibration is applicable widely in the areas of experimental and inter-
vention research across these fields. To facilitate the choice between
MTMM and calibration assessment, we summarize our main arguments
in a decision tree shown in Fig. 4.

Despite its usefulness, calibration is not free from limitations. Most
notably, the calibration approach requires that the latent variable is
amenable to experimental manipulation, thus excluding stable enduring
traits. Secondly, there ought to be some form of agreement in the field
about a suitable experimental procedure (for an example, see Bach et al.,
2023). This limits the approach to a subset of all latent variables (see
Table 2)—but for those it provides a significant advantage.

A second limitation is that in the current form, retrodictive validity
does not distinguish systematic measurement error (which relates to a
common conceptualization of validity) from random error (which re-
lates to reliability). Thus, we see the calibration approach as a com-
plement to reliability assessments.

Finally, calibration assumes that experimental aberration and error
are uncorrelated. This is often plausible because the experimental
treatment and the measurement method will use conceptually different
and independent procedures. However, there might be cases where the
systematic components of each are negatively correlated. In this case, a
method’s higher retrodictive validity can be due to a higher negative
correlation of error and aberration (Bach et al., 2020; Bach, 2023a). This
could happen if predicted scores of the experiment are misspecified, and
the measurement instrument is also misspecified in an inverse manner.
This serves to remind us that the process of improving theory and
measurement is broadly iterative, not only in the calibration approach
(Cote & Buckley, 1988), and it resonates with recent proposals that any
measurement should be grounded in substantive theory, rather than
relying entirely upon a particular measurement instrument (Borgstede &
Eggert, 2023).

To summarize, the standard approach for evaluating the quality of
measurements in the physical sciences involves calibration. For a long
time, this has not received particular attention in the social sciences,
possibly because psychometrics is largely developed in the context of
stable traits, which are not amenable to short-term experimental
manipulation. In many disciplines of behavioral science, however, it is
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Table 2
Potential areas of application in consumer research and psychology.
Field Example latent latent MTMM possible Calibration possible Comparison
variables
Experimental Attention, emotion, learning, Rarely performed in Published examples exist in psychology Calibration preferable due to frequent lack
consumer research memory, motivation, stimulus experimental fields of stable between-participant variance (
percepts Bach, 2023b)
Individual differences Attitudes, intelligence, Frequently performed Only for latent variables that are MTMM often preferable
& personality personality malleable by external manipulation

For stable latent variables
(e.g., effects of brain
lesions)

For stable latent variables

Neuromarketing Arousal, stress response

Social marketing Social influence, social percept

For latent variables that are defined as
responses to external events (e.g., arousal
and stress responses)

For latent variables that are malleable by
external manipulation

Depending on stability of latent variable

Calibration preferable

Educational Performance, skills For stable latent variables, For most performance latent variables, Calibration complementary, potentially
psychology frequently performed published examples preferable

Experimental
manipulation?

Stable between- Stable between-

person variance? person variance?

Calibration MTMM
Discriminant
Yes

variables & convergent
methods?

Calibration

or
MTMM

Calibration

Fig. 4. Decision tree for arbitrating between MTMM and experiment-based calibration. Notes: The option “Other validation methods” denotes cases in which neither
MTMM nor experiment-based calibration are applicable. In this case, researchers may have to rely on other validity arguments, such as face validity.

quite possible to manipulate the value of latent variables on time-scales
that can be realized in a matter of minutes or hours. This makes cali-
bration practical and applicable, and it solves several of the problems of
the classical MTMM matrix approach in the domain of experimentally
manipulable latent variables.
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Appendix
Table A1
Examples of published calibration studies from different fields of experimental psychology and educational research.
Latent latent variable Experimental manipulation ~ Standard Observable(s) Examples
values
Associative fear learning & Pavlovian conditioning high, low Psychophysiological Greaves et al. (2024); Khemka et al. (2017); Kuhn et al. (2022);
memory recordings, self-reports Privratsky et al. (2020); Staib et al. (2015); Wehrli et al. (2022);
Xia et al. (2023)
Stimulus-evoked arousal Pictures, sounds, pain, high, low Psychophysiological Bach (2014); Bach et al. (2013)
target identification task recordings
Anxiety Public speaking high, low Psychophysiological Bach et al. (2010a, 2010b); Bach & Staib (2015)
recordings
Mental effort Mental arithmetic high, low Psychophysiological Bach & Staib (2015)
recordings
Interprofessional collaborative Training High, low Self-report questionnaire Lunde et al. (2021)
competency
Team skills Training High, low Examiner rating scale Wright et al. (2013)
Knowledge and attitude Exposure to the teaching High, low Self-report questionnaire and Taylor et al. (2001)
towards a teaching program program knowledge test

Data availability

The simulation code and results are available on the Open Science
Foundation platform: https://osf.io/2a6qp/
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