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“Science cannot progress without reliable and accurate measurement of what it is you are
trying to study. The key is measurement, simple as that.” --Robert D. Hare

Reliable and accurate measurement of well-delineated constructs is essential for rigorous and
replicable research in social psychology, regardless of the research question, research design,
method of data collection, or data analytic strategy. Measurement in social psychology can take
many forms, all of which aim to differentiate people, objects, or situations according to their
standing on attributes that define constructs posited by theories. That differentiation is
characterized by two or more labels or numeric values corresponding to different quantities,
intensities, expressions, or forms of the construct. The manipulation and analysis of these products
of measurement allow for informative descriptions of social-psychological phenomena and tests of
hypotheses and models that implicate the constructs they represent. Without valid measurement,
these essential research activities are not possible, and the scientific goals that motivate them are
not achievable. 

Despite the fundamental relevance of measurement for all research in social psychology, it is poorly
understood and often poorly done (Flake & Fried, 2020). Rather, multiple critiques of research in
social psychology and recommendations for improving it have focused on rigorous research design,
careful sampling, and properly applied and interpreted statistical methods (e.g., Bakker & Wicherts,
2011; Borgatta & Bohrnstedt, 1974; Brewer & Crano, 2014; Cialdini, 2009; Henry, 2008). Although
important, excellence in all of these research components cannot overcome the consequences of
poor measurement; better measurement is one of the most promising paths to more informative,
replicable, and generalizable research results in social psychology. As illustrated in Figure 1,
measurement is a critical nexus in the conduct of empirical research in social psychology. It is
informed by theory (and may directly inform it; Greenwald, 2012), the motivating question or
hypothesis, and research design. It informs analysis, inference, and interpretation, which inform
theory. Given its centrality in the research process, it is surprising there have been few critiques of
measurement relevant to social psychology and recommendations for addressing them (Fishman et
al., 2021; Flake & Fried, 2020; Kornbrot et al., 2018; Lilienfeld & Strother, 2020). The fundamental
relevance of measurement for all research by social psychologists requires that it be a central focus
of any critique of the field or attempts to improve it. 
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Figure 1: The Central Role of Measurement in Social-Psychological Research 

To that end, the overarching goal of this chapter is to promote a deeper understanding of
measurement in social psychology and an appreciation for the challenge and necessity of doing it
well. The core content of the chapter begins with a brief discussion of measurement theory,
highlighting the specific challenges associated with measuring constructs. Then, to emphasize the
necessity of well-delineated constructs for effective measurement, the next major section discusses
construct theories, emphasizing their implications for measurement. Building on this foundation,
the focus moves to practical and strategic considerations for designing, using, and interpreting
results from measures of constructs typical of research in social psychology. The presentation
emphasizes the diversity of measurement approaches and key considerations when using them.
Because of its widespread use in social psychology, the chapter gives special attention to self-report
measurement. The final section highlights the properties of scores generated by measurement and
their evaluation. A deeper understanding of measurement in social psychology and the theoretical
foundation on which it rests will result in greater attention to and care in measuring constructs. 

THEORIES AND MODELS OF MEASUREMENT 

The term measurement is laden with controversy. The psychometrician Louis Guttman confessed, in
his presidential address to the Psychometric Society, that he had “avoided the term ‘measurement’
in all . . . writing and teaching” as it had “proved to arouse many irrelevant associations for various
people” that form “actual barriers to progress in theory construction and in research” (Guttman,
1971, p. 330). The question of what measurement is and whether it can be achieved still stimulates
controversy and debate. Whereas some scholars argue that measurement is just a matter of putting



numbers on a set of observations in a structured way (Stevens, 1946), others believe these
observations should adhere to particular axioms (Luce et al., 1990). Some argue that measurement
must involve estimating quantities (Michell, 1997, 1999), whereas others include determining
ordered or unordered categories under the measurement umbrella (Sijtsma & Van der Ark, 2020).
Some continue to hope for a breakthrough in measurement practice that would realize “the
revolution that never happened” (Cliff, 1992) through the identification of axiomatic and model-
fitting strategies that make psychological measurement more lawful and scores that result from
measurement more interpretable and meaningful. Others claim that such a revolution can never
happen because the subject matter of psychology, social psychology in particular, focuses on
variables that are not amenable to direct manipulation, making lawful and meaningful
measurement de facto impossible (Trendler, 2009; but see Markus & Borsboom, 2012). 

The fact that these debates continue in the methodological literature may be surprising to many
social psychologists, who purport to measure attitudes, emotions, and behavior regularly. Although
intervals and ratios are rare in practice, nominal and ordinal scales exist in abundance.
Measurement issues are addressed as matters of validity and reliability. Whether these practices are
sufficient for realizing meaningful measurement cannot easily be determined. Social psychologists
routinely collect responses from people and convert those responses to numerical values, using
direct functions such as a total score on an attitude questionnaire or advanced statistical strategies
(e.g., factor analysis). Data are collected to assess what level of precision can be achieved
(Mellenbergh, 1996) and whether the scores obtained can be interpreted as desired (Kane, 2006).
The question under debate, however, is whether these practices meet the methodological criteria
necessary to justify the claim that their use actually realizes measurement (Briggs, 2022; Michell,
1997).  

A further complication is that methodological criteria involve epistemic (and sometimes non-
epistemic) values (Wijsen et al., 2022) and are, therefore, to some extent up for debate. Measurement
is a particularly salient topic of discussion among methodologists because it is the centerpiece of
science—the precise location in the research process at which theories and observations make
contact. And because it is such a centerpiece, the semantics of measurement differ depending on
assumptions about what constitutes empirical science and the overarching philosophy of science on
which those assumptions rest (Borsboom, 2005). For a realist, who thinks that the goal of science is
to provide true explanatory theories by “carving nature at its joints” (Meehl, 1978; Popper, 1959),
measurement is a method to approximate real psychological attributes (Borsboom et al., 2004). For
an empiricist, who thinks that the goal of science is to provide parsimonious yet accurate
descriptions of observations (van Fraassen, 1980), measurement is a method to represent the
outcome of various assessment methods and experimental manipulations (Luce et al., 1990). For a
pragmatist, who believes that science aims to provide useful tools to predict and control
consequential outcomes, measurements are as good as the predictions and manipulations they
allow (Torres Irribarra, 2021). Thus, the semantics of measurement are not settled. 

COMPONENTS OF MEASUREMENT 

Acknowledging the tension between these competing views, this section highlights important
themes from multiple theories of and approaches to psychological measurement. First,
measurement aims to represent differences in characteristics of interest in meaningful and useful
ways. Second, measurement is typically subject to random and systematic error that must be
addressed, often through statistical modeling. Third, measurement forges a connection between



constructs and scientific observations, and therefore, it must have a substantive theoretical
component. 

Representational Component 

Measurement invariably involves assigning symbols (numerals, letters, labels) according to some
empirical procedure (Stevens, 1946). For instance, suppose a researcher studying attitudes towards
abortion counts the number of pro-abortion statements with which respondents agreed in a survey.
When scores are encoded into numbers, they represent the raw observations using the concept of
order: People with higher scores endorsed more pro-abortion statements. However, in another
empirical situation, a researcher may choose categorical representations; an example is
psychopathology research, in which people are categorized as “cases” or “controls.” In this instance,
the assigned symbols represent a qualitative feature of the observations: whether they match a set
of diagnostic criteria. Measurement procedures always contain such a representational step. 

During the 20th century, the representational features of measurement were elevated into a
general theory of measurement. Representational Measurement Theory (RMT) posits that
measurements are essentially representations of possible and actual empirical relations between
objects (Michell, 1993). In this view, when one states “object x measures 2 centimeters,” one is not
assigning the object a property; instead, one is communicating many empirical relations between
the object and other objects in mathematical shorthand. For example, “if one laid two objects of 1 cm
length head to head, the resulting composite y would not be noticeably different in length from
object x.” Because there are infinitely many combinations that produce an object of 2 centimeters,
and infinitely many in which such an object can take part, the sentence “object x is 2 centimeters
long” expresses the truth of an infinity of empirical statements, as does any other statement
involving the length of an object. So how does this work? What should this infinity of relations
between objects be like for them to be representable by simply assigning a single number to an
object? What are the necessary and sufficient conditions for such a representation to succeed, and
are those conditions met in psychological measurement?  

RMT, as it evolved through the work of scholars like Campbell (1920), Nagel and Hempel (1931),
Stevens (1946), and Suppes and Zinnes (1963), eventually culminated in an answer to this question
in Foundations of Measurement (Krantz et al., 1971, 1989; Suppes et al., 1989). Foundations covers an
impressive variety of measurement systems, for which the authors ask two questions. First, what
conditions among empirical relations should hold between objects, so that a particular way of
assigning numbers to objects can represent them? Second, how can these assigned numbers be
transformed and maintain this representation? The first question is answered through a
representation theorem, a mathematical proof that gives conditions under which the numerical
assignment can represent empirical relations present in a system. The second question is answered
by a uniqueness theorem, a mathematical proof that identifies the class of transformations that leave
the representation intact.  

If a representation and uniqueness theorem can be given for a numerical assignment, then one
knows the level of measurement achieved (Stevens, 1946). If only multiplication by a positive
constant is allowed, then the scale is a ratio scale; if general linear transformations like x′ = a + bx are
also allowed, then one has an interval scale; if all monotonic transformations are also allowed, then
one has an ordinal scale; and if all one-to-one transformations are allowed, then one has a nominal
scale. This information is necessary, but not sufficient, as one cannot assess scale levels if no



representation theorem has been supplied. Because the great majority of measurement situations in
social psychology have no such theorem, which scale level measurements instantiate (if any) cannot
easily be determined (Markus & Borsboom, 2013). 

There are several reasons why RMT has received little attention in psychological measurement (see
also Cliff, 1989) despite the rigorous and lawful approach to measurement it posits. First, RMT, as it is
typically presented, requires an assessment of the relations between objects—the empirical
relations must be determined independently of the numerical assignment. However, in social
psychology, researchers typically cannot determine whether two people hold the same attitude,
have the same level of an emotion, or are equally moral independently of numerical assignments.
Moreover, procedures are not available to manipulate them experimentally to the required level of
precision (Trendler, 2009). Second, in many cases, it is difficult to construct a measurement system
without invoking, a priori, the hypothesis that one is working with the right kind of attribute (e.g., a
continuous linear order). In many cases, measurement outcomes have to be assessed, interpreted,
and corrected using theories that require an account of how the measurement instrument works;
such a theory itself typically invokes a hypothesis of how the targeted attribute is structured (Tal,
2021). Third, observations of human beings are noisy—they can be inconsistent over time and
situations in ways that are difficult to understand. As a result, measurement models in psychology
are assumed to require a statistical, probabilistic component to represent these error structures.
Finally, it is not trivial to assess whether the axioms of RMT are satisfied (although some argue that
a particular psychometric model known as the Rasch model embodies them; Perline et al., 1979, but
also see Borsboom & Zand Scholten, 2008, and Kyngdon, 2008). Nevertheless, a basic understanding
of representational measurement makes clear why additional components of measurement in
social psychology are necessary. It also highlights the advantages of scores produced by
measurement that have well-understood properties that make them useful, interpretable, and
actionable—they have numerical traceability (Uher, 2022) 

Statistical Component 

Empirical researchers generally share the view that the representations that result from
measurement (a total score, or a categorization) may be tainted by a variety of factors that are not of
substantive interest. These factors are often collectively classified by terms such as “noise” or
“measurement error” (van Bork et al., 2024; Viswanathan, 2005). Following this reasoning, there is a
difference between the observed scores and the scores if the noise were removed. However, even if
the noise cannot be removed altogether, it can be addressed by constructing a statistical model that
places assumptions that encode the expected properties of the noise. For example, assume that
noise comprises the sum of many independent factors specific to the particular circumstance in
which a questionnaire item was encountered (e.g., noise or other distractions, the presence of other
people, confusing or incomplete instructions). In that case, various statistical models that
operationalize the concept of “random error” using a normal distribution can be used, because any
sum of independent factors will approach a normal distribution as the number of factors grows
(Fischer, 2011). A theory that is entirely based on such assumptions about error is classical test theory
(Lord & Novick, 1968), which is used to conceptualize an important theoretical property known as
the true score (defined as the expectation of the observed score). It is the basis for estimates of
reliability commonly used by social psychologists, defined as the ratio of variance in true scores to
variance in observed scores on a measure. The typically observed values less than 1.0 would, under
the assumptions of classical test theory, indicate the presence of measurement error (i.e.,
unreliability). 



Substantive Theoretical Component 

A critical concern of measurement is how scores connect to the constructs they were intended to
represent. In most approaches in psychology, this relates to how to connect the representational and
statistical components. For instance, even if one counts the number of endorsed pro-abortion items,
one could still hypothesize the actual attitude to be categorical (e.g., pro or con). And even if one
matches scores to diagnostic criteria, one might still believe that the actual underlying construct of
depression is dimensional (Kotov et al., 2021). As such, the relation between the theoretical
construct and the observations becomes critically important (Borsboom et al., 2003, 2004; Cronbach
& Meehl, 1955). This question cannot be answered by purely methodological means; rather, it
requires one to actively theorize about what terms like “attitude” designate and how their referents
are causally relevant to the measurement outcomes (De Houwer et al., 2009).  

Thus, taking stock, researchers (a) aim to represent structures in data produced by measurement,
but because (b) the data themselves are contaminated by noise, (c) researchers, lacking a
representational component, require a substantive theory to connect the data structures to the
targeted construct. In principle, there are many ways in which such a relation can be forged, and
these define different approaches to measurement (Markus & Borsboom, 2013).  

CONSTRUCTS 

The purpose of measurement in social psychology is to represent constructs in ways that allow for
description, modeling, and hypothesis testing in the service of explanation and prediction. For this
reason, effective development, evaluation, and use of measures always require characterizing the
properties of the construct they aim to represent (Cronbach & Meehl, 1955). Explicit and clear
delineation of constructs is therefore essential for effective measurement in social psychology. That
delineation and its measurement reflect rarely considered assumptions about the nature of
constructs commonly referenced in theoretical accounts of social phenomena (for an informative
history and review of constructs in psychology, see Slaney & Racine, 2013). 

An Expanded Definition 

In their seminal paper on construct validity, Cronbach and Meehl (1955) proposed that, “A construct
is some postulated attribute of people, assumed to be reflected in test performance” (p. 283; “test
performance” here refers to responses to or performance on measures of psychological attributes).
To encompass the full range of targets, attributes, and forms of constructs and sources of
information about them covered below, a broader definition is necessary, one that extends beyond
people and tests. Moreover, the constructs typical of social-psychological theory and measurement
frequently include multiple attributes. Thus, in broader terms, a construct is some postulated
property or process characteristic of people, groups, organizations, situations, or environments that is
assumed to be reflected in scores on measures of attributes of the property or elements of the process.
Constructs are important components of theories in social psychology (Shoemaker et al., 2004).
Theories delineate constructs and posit the nature, direction, and limits of relations between them.
Thus, because of their connection to constructs, measures can be profitably used to examine
hypotheses and descriptive accounts put forth in social-psychological theories. These connections



between theory, delineation and measurement of constructs, and their use in research are depicted
in Figure 2. 

Figure 2: Theories Specify Constructs and Their Relations

Note: Measurement is a primary means by which scores (x, y) are produced, enabling hypothesis
testing (e.g., r) and description and informing theory.

Interplay Of Constructs And Measures 

The properties or processes to which constructs refer differ in kind, and those differences have
implications for how they are measured and modeled. A fundamental consideration is whether
constructs are real. There are various interpretations of what the word “real” means. For some, the
reality of constructs means that they serve relevant causal roles in relation to the measures
(Borsboom, 2005); for others, whether their existence “is not mediated by human thought, language
use, or empirical measurement” (Yarkoni, 2020, p. 328). Yet another way of understanding the
reality of constructs is by requiring that they do not change as a function of how and when they are
measured (Fried, 2017); in such a view, their properties are intrinsic and essential (i.e., they can be
understood as natural kinds; Kripke, 1980). Examples may include constructs that refer to biological
attributes or processes (e.g., amygdala activity and the social anxiety construct; Lieberz et al., 2022). 

Measurement of constructs assumed to be real in this strong sense requires objective and accurate
approaches. Constructs that are not natural kinds are, by their nature, subjective, and, as such, the
accuracy of their measurement cannot be judged in the way that, for example, physical measures
can, as one needs to consider the fact that they involve various social and cultural conventions and
values. Such constructs are unequivocally the norm in social psychology. Sometimes, such
constructs can be seen as useful metaphors (i.e., not to be taken literally) rather than natural kinds
(Peters & Crutzen, 2017). Unlike natural kinds, which are discovered, these constructs are produced
(Fried, 2017). Their meaning is a function of theoretical, social, and cultural interpretation; they are
not merely a reflection or representation of the physical structure or the world (Messick, 1981).
Examples include the “sociometer” of sociometer theory (Leary, 2012), the “resource” of ego-
depletion (Baumeister et al., 2000), and the core social-psychological construct of “attitude” (Allport,
1935). Frequently, such constructs are socially constructed, existing as shared understanding or
interpretation of regularities in people, groups, objects, and situations (e.g., Gergen, 2011). They may
also reflect scientifically and practically useful entities that exist because they have predictive or
interpretational value whether or not they are posited by theory. Other constructs are defined by



clusters of attributes that frequently co-occur due to causal connections that, together, reflect the
construct (e.g., Schmittmann et al., 2013). Critically, and as detailed below, the nature of a construct
has important implications for how it can or should be measured (Peters & Crutzen, 2017). 

Several characteristics of social-psychological constructs and their interrelations are relevant for
evaluating their quality and usefulness and for developing measures of them. Foremost among
them is a lack of clarity and attention to differences between constructs in conceptualization and
naming. This lack of clarity contributes to the well-documented jingle-jangle fallacy (Block, 2000;
Weidman et al., 2017), which results from treating dissimilar constructs as if they are the same
(jingle; e.g., referring to emotion regulation, empathic accuracy, and related constructs as
socioemotional competence, Olderbak & Wilhelm, 2020) and similar constructs as if they are
different (jangle; e.g., low agreeableness and “dark” personality, Vize et al., 2021). A related concern is
clarity about the nature of the relations between constructs that are similar but distinct—sibling
constructs (Lawson & Robins, 2021). Identifying sibling constructs—for example, self-esteem and
narcissism (Hyatt et al., 2018)— and mapping out their conceptual similarities and differences aids in
the development and evaluation of measures of them. A particular concern involving sibling
constructs arises when scores from measures of each are contaminated by the other, resulting in
ambiguity in interpretation and inference (Hoyle et al., 2023). 

Achieving clarity about differences between constructs and their measures is an ongoing process,
whereby conceptualizations and measures are updated in light of new evidence (e.g., results from
using the construct or measure for research with a population or research question not previously
considered) with the goal of increased clarity. In this process, a challenge is avoiding allegiance to an
initial, perhaps influential, conceptualization when the goal is a maximally useful
conceptualization that may require more than simply updating the initial conceptualization
(Moreau & Wiebels, 2022). As conceptualizations of constructs are updated, their measures must
also be updated, ensuring alignment between construct and measure (De Boeck et al., 2023). This
process of improvement in construct specification and measurement is sometimes short-circuited
when researchers in a topic area remain committed to an established measure despite refinements
or updates to the specification of the target construct. The more scientifically sound alternative is a
dynamic, cyclical process of improvement in construct specification and measurement with the
ultimate goal of alignment between construct delineation, measurement approach, analysis model,
and interpretation (Mari et al., 2021). 

Statistical Representations Of Constructs 

Two critical questions must be addressed in order to construct a psychometric theory for a given
construct. First, how should the construct be characterized mathematically in a structure that
reflects the associations between individual measurements and between those measurements and
the construct? Second, how does that structure relate to available data? Answering these questions
is tantamount to formulating a construct theory—a characterization of what a construct is and how
it relates to empirical data collected to represent it. Four characteristic approaches to formulating a
construct theory are represented in Figure 3. These do not exhaust the possibilities; however, they
are approaches relevant for measuring many constructs in social psychology. 

Figure 3: Four Ways in Which Constructs Can Relate to Data



Note: In Panel A, the construct, C, is represented as the common cause of the indicators, x  to x ;
in Panel B, the construct is represented as the common effect of the indicators; in Panel C, the
indicators are part of a network of interacting variables; in Panel D, the indicators are samples
taken from a larger universe of behavioral elements. 

First, a common way of thinking of psychological constructs is as a dimension. If the person's
position on this dimension is considered a common determinant of multiple indicator variables,
then it would be natural to represent it as a common cause, as in Panel A of Figure 3. A common
cause screens off correlations between its effects, which in measurement models translates to the
property of local independence. A wide variety of measurement models follow from this
conceptualization. By varying the structure of the dimension (e.g., categorical or continuous,
unidimensional or multidimensional) and the nature of the indicators (e.g., dichotomous,
polytomous, continuous, etc.), one arrives at well-known psychometric models (Mellenbergh, 1994).
For instance, in the case that the indicator variables are continuous, then the resulting model is the
congeneric model (Jöreskog, 1971), better known as the single-factor model; if the indicators are
dichotomous, the resulting model is an Item Response Theory (IRT) model such as that of Rasch
(1960) or Birnbaum (1968). This conceptualization is commonly used in the assessment of
personality. For example, extraversion is often thought of as the common cause of scores on
measures of certain traits (e.g., gregariousness, assertiveness, excitement seeking), and can motivate
the use of a factor model. 
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Second, there are cases in which the construct is conceptualized as a dimension, but, instead of a
common cause, that dimension is a common effect of the indicator variables (Bollen & Lennox,
1991), as represented in Panel B of Figure 3. This representation may, for instance, be appropriate
when a questionnaire asks for factors that are plausible effects of the construct in question. An
example is the construct of life stress, which is typically assessed by asking whether a person has
recently changed jobs, had a divorce, lost a loved one, and so on. Importantly, none of these
questions directly query life stress; there is no reason to suspect responses to them would be
correlated. Rather, they could be construed as causes of the construct (Bollen & Lennox,1991). In
such cases, the relation between construct and observations can be specified as a formative model
(Edwards & Bagozzi, 2000). In such a model, the correlation structure between the indicators is not
directly modeled but is typically treated as a nuisance. Although the models in both Panels A and B
can motivate the use of summed item scores, the interpretation of these scores is radically different.
In Panel A, the total score is a measurement of a latent (i.e., inferred but not observed) psychological
construct; in Panel B, the total score is an index, which tracks the movement of the indicator
variables, much like a stock exchange index tracks the sales in underlying stocks.  

Third, there are cases in which neither the common cause model nor the common effect model is
appropriate. An interesting case arises if the indicator variables plausibly cause each other. For
instance, in research on depression, symptoms that are typically queried include loss of sleep,
fatigue, concentration problems, and worry. The correlations between these indicators may result
from interactions between these symptoms, for example, insomnia → fatigue → concentration
problems → worry → loss of sleep. In such a case, a plausible representation of the construct is a
network (Borsboom & Cramer, 2013), which represents indicator variables as nodes and relations
between them as connections between nodes. This representation is shown in Panel C of Figure 3.
Typically, the relations among variables are estimated using partial correlations (Epskamp et al.,
2018) or vector-autoregressive models in time series (Bringmann et al., 2013), but other methods are
available. This representation has been argued to be appropriate for attitudes, because attitude
elements (e.g., feelings, cognitions, and behaviors relating to an attitude object) plausibly interact
(Dalege et al., 2016, 2017, 2018; Dalege & van der Maas, 2020). 

Finally, there are cases in which the relation between indicators and construct is not plausibly
thought of as being causal, but rather should be construed in terms of a population-sampling
relation, as in Panel D of Figure 3. An example is a memory test that queries several unrelated
memories, or a knowledge test that queries unrelated knowledge elements (e.g., a quiz). In these
cases, one can think of the set of items as a sample from a larger population of knowledge elements
(in other cases, these may also include behaviors or affective states). This population is often called a
“universe” (Cronbach et al., 1972) or “domain” (McDonald, 2003). One can think of the construct
score of any given person as the total score on the entire population of items, and of the test as a
more or less random sample from that population. This means that the inference one makes from
the scores on indicator variables to constructs is not a causal inference but a case of statistical
generalization (Markus & Borsboom, 2013). Psychometric models that are associated with this way
of thinking are those indicated as “strong true score theory” (Lord & Novick, 1968) and
generalizability theory (Brennan, 2001). 

Different construct theories may, but need not, motivate different psychometric models. As an
example, consider the simple unidimensional IRT model. In this model, each of the dichotomous
items in a set is related to a continuous latent variable through a monotonically increasing function
(typically taken to be logistic). The model may be interpreted as a common cause model, wherein
the latent dimension causes the item scores; a typical example is an educational test, in which



different items are included (e.g., addition items) requiring the same ability (e.g., arithmetic ability).
However, the model can also be motivated by considering the construct to be a total score on an
infinite number of items from which the items were sampled (Ellis & Junker, 1997). The model also
follows from the hypothesis that the indicators form a fully connected network (Marsman et al.,
2018). Thus, although construct theories and psychometric models are typically aligned, one has to
be careful with overinterpreting the relations between the two. 

It is important to note that even when different construct theories motivate the same model, it may
nonetheless matter which one is chosen. Indeed, the interpretation of results is often very different
under different construct theories, so it matters a great deal whether one, say, thinks of IQ scores as
measures of a real latent ability (Borsboom et al., 2003) or as an index variable that summarizes the
joint developmental trajectory of several elementary abilities (van der Maas et al., 2014). These
interpretations suggest different kinds of interventions, different research lines, and different
empirical tests. For example, how implicit and explicit features of the attitude construct are
conceptualized and modeled (e.g., Perugini, 2005) affects whether and how each is accounted for in
studies of the other (e.g., covariate, mediator, moderator) and the development of attitude change
strategies (Rydell & McConnell, 2006). 

Thinking more deeply about constructs is generally advisable because it results in a better
appreciation of the degree to which specific psychometric concepts (e.g., internal consistency,
unidimensionality) matter in a specific research situation. For example, in a common causal
construct theory of attitudes, reliability reflects the degree to which indicator variables predict
variance in the underlying dimension (the attitude). As a result, reliability is a normative concept,
and it should be as high as possible. In contrast, however, in a network conception of attitudes, low
reliability may be a feature of the attitude in question; for example, attitudes low in accessibility are
characterized by a weakly connected network (Dalege & van der Maas (2020). This suggests that, in
certain cases, low reliability as reflected in internal consistency values (e.g., alpha, omega) may not
signal that there is something wrong with the set of items; rather, it may mean that one is assessing
a weakly-connected network (additional issues in the interpretation of traditional reliability
estimates are discussed in the Properties of Scores section later in the chapter.) Thus, the normative
force of psychometric concepts can be significantly moderated by what construct theory is taken to
be most likely for a particular measure and construct. The delineation and measurement
connections shown in Figure 2 are the points in the research process at which these issues should
be thoughtfully considered. 

Latent Variable Models Of Constructs 

In social psychology, the construct theory most often followed is reflected in the latent variable
hypothesis. This hypothesis holds that a set of observed variables shares a common dependence on a
latent structure. This common dependence is typically represented in a common cause model,
which implies that the observed variables are associated because they all reflect the latent structure
(Figure 3, Panel A).  

Consider the following situation: three different thermometers are used to measure ambient
temperature in the same room—a mercury thermometer, a digital thermometer, and people’s
subjective assessments. The readings on each instrument will rise and fall together as the
temperature changes because they all depend on room temperature. However, because the readings
do not explicitly affect one another, their correlations are spurious: controlling for the ambient



temperature will make the correlations disappear. This example illustrates the three cardinal
assumptions of one of the most general psychometric models, the homogenous monotone IRT
model, namely monotonicity, homogeneity, and local independence: (a) each of the thermometer’s
readings rises as a function of increasing temperature (monotonicity), (b) all of the thermometers
only depend on the same latent variable namely temperature (homogeneity), and (c) given the
position on that latent variable (i.e., if the temperature is held constant), the correlations between
the thermometers vanish (local independence). The family of models covered by these assumptions
is very large (Mellenbergh, 1994), and, for instance, includes the Rasch (1960) model, the two-
parameter logistic model (Birnbaum, 1968), the congeneric one-factor model (Jöreskog, 1971), and a
variety of nonparametric models (Sijtsma & Van der Ark, 2020).  

Importantly, latent variables cannot be “constructed from the data” in the way that numerical
representations of RMT can, because relations between people with respect to a latent variable are
not directly accessible (Bollen & Hoyle, 2023; Borsboom, 2008). Instead, therefore, latent variables
are typically elevated to the status of hypotheses. That is, they are hypothesized structures that
determine patterns in the data (Bollen & Pearl, 2013; Edwards & Bagozzi, 2000). Therefore,
measurement models that use latent variables should be considered “mini-theories” that
incorporate these hypotheses. Because they are not in any way methodologically “given,” they
require substantive support. As a result, justification is required for representing the measurement
process in the manner reflected in a measurement model, whether it is a factor model, IRT model,
latent class model, or one of the many other models in use. Thus, one has to approach latent variable
models as one approaches scientific theories—by testing the predictions and implications of the
model. In this way, the measurement hypothesis is brought under scientific investigation in much
the same way that other hypotheses are (Cronbach & Meehl, 1955): one is essentially investigating
the veracity of the latent variable hypothesis by testing its empirical implications. 

CONSEQUENCES OF INSUFFICIENT RIGOR IN

MEASURING CONSTRUCTS 

As illustrated in Figures 1 and 2, measurement is central and indispensable for research in social
psychology. It is the bridge between constructs and empirical tests of hypotheses about them. For
this reason, thoughtfulness and rigor in all other aspects of the research process (e.g., research
design, sampling, statistical analysis) cannot overcome a lack of thoughtfulness and rigor in
measuring constructs. Yet, perhaps more than any other aspect of the empirical research process,
measurement is difficult. Rigorous measurement requires well-delineated constructs and
measurement strategies that yield scores that can be attributed to those constructs. When it is
achieved, the result is a relatively small gap in meaning between constructs and scores from
measures of them (De Boeck et al., in press), which supports clear and meaningful inferences and
interpretations. 

Large or uncertain gaps in meaning between constructs and scores are an inevitable consequence
of poorly delineated constructs and measurement strategies that do not reference and represent
well-delineated constructs when they have been developed. In such cases, the informativeness of
research that implicates the constructs is limited. The inferences, interpretation, and potential
application of research—primary justifications for undertaking research—are uncertain and prone
to error. In the column to the left in Table 1 are five specific ways in which the conceptualization
and measurement of constructs could be insufficiently rigorous; though not exhaustive, the list is



illustrative. Associated with each instance of insufficient rigor is one or more specific consequences.
Although the specific consequences vary across instances of insufficient rigor in measuring
constructs, they have in common the effect of reducing the overall rigor and value of research
studies. The implication is that each instance of insufficient rigor described in the table would need
to be addressed to ensure rigorous research that fully serves its purpose. 

 Table 1: Examples of Insufficient Rigor in Measuring Constructs and Their Consequences

Rigorous measurement of constructs in social-psychological research can take many forms. These
vary along a set of dimensions that define a framework for discussing the breadth and diversity of
conceptualizations and measurement strategies in social psychology. A consideration of these
dimensions highlights key theoretical and practical considerations in delineating and measuring
constructs with rigor and creativity. 

A FRAMEWORK FOR BREADTH AND DIVERSITY IN

MEASUREMENT 



The diverse array of constructs of interest to social psychologists necessitates diversity and
creativity in their measurement. This section describes an organizing framework as a context for
discussing the options and opportunities for conceptualizing and measuring constructs in social
psychology. The framework, summarized in Table 2, organizes the broad array of constructs to be
measured according to who or what they concern (i.e., targets), how variability in them may be
evident (i.e., attributes), and the ways they may be expressed (i.e., forms). A variety of sources of
information from which measures could be derived are identified. These elements—targets,
attributes, forms, and sources—and their many combinations identify a broad and diverse array of
constructs and measurement strategies.  

Table 2: Elements of a Broad Perspective on Conceptualizing and Measuring Constructs in Social Psychology

Targets Of Conceptualization And Their Measurement 

The constructs specified by theories and manipulated or measured by social psychologists can be
differentiated according to the aspect of social experience, or target, they concern. Principal among
those targets is the person. The primacy of this target in measurement by social psychologists is
evident in the many measures and measurement strategies designed to detect variability in people’s
perceptions, experiences, preferences, intentions, and so on. Though predominantly focused on the
individual, measurement may target collections of people as in dyads, groups, families, and
organizations. The thoughts, feelings, and actions that constitute social experience occur in places
and spaces that constrain and shape the experience. These potential targets of measurement
include both objective environments (e.g., outdoors, in the classroom) and subjective situations,
which may vary within an environment (e.g., evaluation, normative pressure). Although these
aspects of social experience are frequently manipulated, they can be measured as well. Certain
measurement challenges and opportunities are common to all constructs associated with a target
type and warrant consideration when selecting a measurement strategy or approach. 

People 

Most measurement undertaken by social psychologists characterizes individuals, about whom
inferences will be made in research using scores. A significant benefit of individuals as targets is



their ability to report on themselves, which is reflected in social psychology’s preference for self-
report measurement. However, as detailed below, well-delineated constructs that refer to
individuals may be measured using other information sources, some better suited for certain
attributes specified by constructs.  

For constructs that characterize the shared experience of two or more people, the potential sources
of information are less clear. For example, measurement of the construct of interdependence in
dyads might involve combining individual self-reports of interdependence in the relationship, or it
could involve third-party observations by acquaintances, trained judges, or experimenters. The use
of self-reports from individuals to characterize the standing of a collection of people on a construct
may not be feasible as the number of people and the social or physical distance between them
increases. Examples range from small groups of a fixed size composed of a constant set of people
who interact frequently, to larger groups or groups for which size and membership are not fixed.
The choice of measurement strategy in these instances is dictated by two related concerns—the
construct of interest and the unit of analysis. Constructs that refer to the characteristics of the group
assume that the unit of analysis is the group. Alternatively, constructs may refer to individuals’
experience of belonging to the group and assume that the unit of analysis is the individual (e.g.,
perceived cohesion; Bollen & Hoyle, 1990). In rare instances when the group is the unit of analysis, it
might be feasible, as with dyads, to combine group members’ ratings of the group on attributes
specified by the focal construct to produce a single score (Chan, 1998). In most instances, however, it
will be necessary to use alternative approaches that take advantage of existing information about
the group (e.g., racial composition, performance history) or acquire third-party ratings from
observers.  

In terms of number and diffuseness, the most extreme versions of measurement focused on
collections of people are those that target large organizations and nations or cultures. As with
smaller collections of people, the construct and unit of analysis may be focused at the individual
level; however, because it is not feasible to collect data from all members of large organizations or
cultures, representative samples are required (e.g., Rentfrow, 2010). If the construct and unit of
analysis are not the individual, as in comparisons of organizations or countries, then metrics that
characterize the whole (e.g., average salary, Gini Index) are potential measures of attributes specified
in the construct. As is evident across instances of people as the target of measurement, how
measurement is done is intimately tied to the unit of analysis, which follows from the nature of the
construct about which inferences will be made. 

Environments 

Although most measurement in social psychology focuses on constructs that characterize people, it
may concern other targets. Specifically, the focus of measurement may be constructs that
characterize situations, environments, and objects other than people in them (Block & Block, 1981).
From a measurement perspective, the simplest case is constructs that specify attributes of people’s
perceptions of or preferences for situations, environments, and objects. In such cases, self-reports
and other expressions of perception or preference are suitable (e.g., Funder et al., 2012). If, however,
the construct of interest concerns objective features of these targets that differentiate between
them (e.g., Kelly et al., 2003; Reis, 2008), then alternative approaches are required. These might
include objective ratings of specific environments such as those used to characterize neighborhoods
using images captured by Google Street View (e.g., Odgers et al., 2012; see Andresen et al., 2013, for
an alternative approach), specific objective features of situations such as their duration and



concreteness (Rauthmann & Sherman, 2021), or the number of people present, their proximity to
each other, and their social status (Latané, 1981; Nowak et al., 1990). Objects in environments are
potentially relevant for social experience in their own right (e.g., the presence of a gun or mobile
phone). Measuring their physical properties (e.g., make, model) may be quite straightforward;
however, they may also be viewed as part of certain environments that, together with other
features of the environment, constitute social space, which can be conceptualized and measured at
different levels of analysis (e.g., Balsa-Barreiro et al., 2022; Schafer & Schiller, 2018; for a review, see
Martin et al., 2017). 

A relatively new and increasingly important manifestation of spaces and places is the virtual
environment (Boczkowski & Mitchelstein, 2021). Of potential interest to social psychologists is the
degree to which constructs relevant to social experience outside virtual environments apply to
social experience within them. In terms of measurement, an intriguing feature of the virtual
environment is the ability to characterize it using information from the same digital devices that
enable it (Bouwman et al., 2013; Harari et al., 2016). Moreover, those devices may be used for active
(and intrusive) measurement typical of social psychology (e.g., daily self-reports of digital
experiences; Dwyer et al., 2018) or passive measurement using sensors (e.g., location, accelerometer)
and apps that unobtrusively capture information about features of social experience (e.g., Stachl et
al., 2020). The opportunities afforded by digital devices may enable the measurement of attributes
of the spaces and places in which social life is enacted that have received little empirical attention
by social psychologists outside of laboratory experiments. 

Attributes Of Constructs And Their Measurement 

Constructs that apply to people may refer to different types of psychological attributes, such as
biology, emotion, cognition, or behavior. Although some constructs, by their nature, refer to a single
type of attribute (e.g., physical activity, person perception), most encompass multiple types of
attributes (e.g., attitude, self-regulation, well-being). The attributes specified by construct
delineations determine the appropriateness of different approaches to measuring them. Well-
delineated constructs also specify the theoretical connections between attributes. 

Behavior 

Some constructs concern, entirely or in part, what people do. Although behavior is, in theory,
always observable, some behaviors are, practically and ethically, not subject to observation for
research purposes. Thus, when measurement concerns constructs that include behavioral
attributes, the choice of measurement approach must first consider whether the behavior can be
observed. If observation is practically achievable, then the concern is how to do so without altering
the behavior (i.e., the Hawthorne Effect; McCambridge et al., 2014). If, for practical or ethical
reasons, the behavior cannot be observed, then the concern is how to secure accurate reports of it. 

When observing behavior to measure its characteristics, the primary concern is how observation
will be accomplished. The most straightforward option is to train observers or enlist people who
routinely observe the behavior of members of the population of interest to detect evidence of the
characteristics of interest and assign scores using a formal, preferably validated, rating system (e.g.,
Stevens et al., 2010; Vernham et al., 2016). Their observation may be the basis for ratings close in
time to enactment of the behaviors or ratings that summarize observation of the behaviors over



time. It may be possible for observers to rate behavior covertly so that the research participants are
not aware they are being observed (e.g., two-way mirror, hidden camera streaming video). Behavior
may also be captured on video for later coding (as opposed to streaming and rating in real-time).
Using data from covert observation and recording of which participants are unaware poses
significant ethical challenges that must be addressed before their use (Podschuweit, 2024). 

For practical or ethical reasons, the measurement of some behaviors by observing targets in real-
time or through the use of video recording is substantially limited. Examples include the use of
illicit substances, engagement in violent or destructive behavior, and sexual activity. The typical
approach to measuring constructs that refer to behaviors of this type is self-report, by which
research participants are both the behaver and the reporter of it. Self-reports of behavior, in
general, are subject to several well-documented biases (for a review, see Haeffel & Howard, 2010).
Accuracy is an additional concern for private or illegal behaviors not subject to observation (e.g.,
Harrison, 1995; Turner et al., 1997). Additional behaviors for which observation is not feasible or
appropriate are behaviors that are not sensitive but cannot practically be observed or accurately
self-reported. One example is digital device and social media use, for which—owing to their
frequency and ambiguity in the definition of a use episode—self-reports are so inaccurate as to be
useless (Parry et al., 2021). Although not perfect, passive approaches that use devices to capture and
transmit digital behavior via sensors and apps are an option. Combining these passive approaches
with active, device-enabled data collection can both reduce participant burden and increase
accuracy in the measurement of certain behaviors (Davidson et al., 2022; Keusch et al., 2021).  

Cognition 

Some constructs refer exclusively to cognitive processes or include one or more cognitive processes
among their attributes. Observation is not a viable option for direct measurement of cognitive
processes apart from imprecise detection and labeling of activity in the brain (cf. Liu et al., 2022;
Wallis, 2018). Moreover, self-reports of cognitive processes that contribute to behavior and
decision-making are often invalid, especially for higher-order cognitive processes (Nisbett &
Wilson, 1977; cf. Petitmengin et al., 2013). Nonetheless, self-reports of cognitive processing are
frequently used as a measure of constructs that implicate those processes (e.g., Baksh et al., 2018;
Farias et al., 2008). Although self-reports of cognitive processing are unlikely to reliably reflect the
construct they were designed to measure (e.g., Craig et al., 2020; Herreen & Zajac, 2017; Klein et al.,
2022), they may nonetheless serve as suitable measures of the presence or absence of skills that
imply cognitive processing (e.g., Monahan et al., 2014; Rast et al., 2009). 

Alternatively, cognitive processing may be inferred from performance on tasks or neurobiological
activity while performing them. These indicators may be used to measure individual differences in
cognitive abilities or deficits (e.g., Basile & Toplak, 2015) or to measure online cognitive processing in
response to specific features of tasks (e.g., Sharifian et al., 2021). In terms of performance, task-based
indicators of processing include metrics such as accuracy or correctness and speed (e.g., Hirsch et al.,
2018). Indicators based on neurobiological activity during task performance include metrics such as
pupil size and frequency of rapid pupil dilation (e.g., Vogels et al., 2018), and different signals of brain
activity such as positron emission tomography (PET) and functional magnetic resonance imaging
(fMRI; for a review, see Nichols & Newsome, 1999). A challenge with task-based measures of
cognitive activity and skill is the general lack of association between these measures and self-report
measures (e.g., Snyder et al., 2021) and ambiguity regarding the specific construct that is on display
during the performance of a particular task or activity. For example, neural activity associated with



social cognition is frequently examined as research participants observe social interaction, which
may differ from the neural activity and the construct it represents when they engage in social
interaction (Schilbach, 2014). 

Emotion 

A third type of attribute relevant to conceptualization and measurement is emotion. Emotion
constructs may focus solely on experienced emotion; however, emotion is implicated in many
constructs primarily defined by cognitive or behavioral attributes. In terms of experienced emotion,
constructs may refer to specific emotions, such as anxiety or fear, or features of emotional
experience, such as valence or arousal. A particular challenge at this level of conceptualization and
measurement is labeling, both by investigators (Weidman et al., 2017) and, in the case of self-
reports, research participants. In terms of investigator labeling, the frequent disconnect is between
measurement and a well-delineated emotion construct specified by a taxonomy or theory; for
example, measures imply more emotions than taxonomies specify (Weidman et al., 2017). In terms
of labeling by research participants, common language use may refer to emotional experience in
ways that do not map well into emotion space as specified by taxonomies or theories (Cowen &
Keltner, 2017). For these reasons, the challenges in measuring emotion may result more from issues
of construct specification than the specifics of measurement strategy or approach. 

A critical distinction in emotion measurement (though not necessarily conceptualization) is
between trait and state forms of constructs. Concerning measurement, the earliest instance of this
distinction is the widely used State-Trait Anxiety Inventory (Spielberger et al., 1983). With the
increase in experience sampling methods, the distinction is now more likely to appear as a baseline
measurement of typical emotional experience (i.e., trait) and in situ measurements of momentary
emotional experience (i.e., states). The former is assumed to be cross-situationally consistent. In
contrast, the latter is expected to vary due to variability in situations and personal experience
(Fleeson & Law, 2015). Using these methods, the extent of variability in the experience of specific
emotions may be measured (e.g., Liu et al., 2019) and, in the interplay between construct and
measurement, may lead to refinement in or expansion of the conceptualization of certain emotion
constructs. 

The approaches to measuring emotion constructs are perhaps more extensive and varied than for
any of the attributes relevant for conceptualizing and measuring constructs. Because emotional
experience is inherently subjective, self-reports are, for many emotion constructs, the preferred
measurement strategy, whether the focus is a trait (e.g., Watson & Walker, 1996) or state (e.g.,
Harmon-Jones et al., 2016). Because reporting on emotional experience may affect it, frequent or
continuous measurement requires alternative approaches, such as ecological momentary
assessment (EMA), or an instrument that does not require effort and attention such as the affect
rating dial (Ruef & Levenson, 2007). However, those types of measures are limited in the amount of
detail they can provide on the emotional experience. Additional approaches include implicit
measurement of both trait and state affect (Quirin & Bode, 2014), peer ratings (e.g., Watson & Clark,
1991), and an array of measures based on physiological activity (Mauss & Robinson, 2009). As with
measures of cognitive constructs, scores generated by these different approaches do not always
converge (Mauss et al., 2005), suggesting that either they tap different forms of the targeted emotion
construct or differ in their effectiveness at capturing it. Beyond measures and markers of discrete
emotions and their properties are numerous measures focused on emotion-related constructs, such



as emotion regulation, emotional intelligence, and broader constructs to which emotion is central
(e.g., attitudes, prejudice, aggression, well-being). 

Biology 

Although biological attributes and processes are not inherently social or psychological, they are
implicated in many social-psychological constructs (e.g., Bartels et al., 2008; Kitayama & Uskal, 2011).
For example, the profound biological shifts during puberty result in hormonal and bodily changes
with significant implications for social processes, such as interpersonal attraction, gender-related
processes, and sexual behavior (Downs, 1990). The short-term and persistent neurobiological effects
of substances, such as alcohol, amphetamines, and hallucinogens influence basic contributors to
social experience, such as perception, inhibition, and decision-making (e.g., Steele et al., 1985).
Genetic and emergent epigenetic influences account for a portion of the variance in a wide variety
of social behaviors through their effects on physiology and the brain (Robinson et al., 2008;
Seebacher & Krause, 2019). For these reasons, biological attributes and processes may be implicated
in the conceptualization of a construct and, therefore, its measurement. 

The measurement of biological attributes and processes differs from measurement of other
attribute types because it may allow a level of precision and reference to objective units that could
never be achieved for cognition or emotion. Yet, because the biological factors that contribute to
social experience are the same factors that control routine bodily functions, they are, at best,
imperfect indicators of the social and psychological factors for which they are relevant (in this
respect it is also useful to note that, despite their objective character, such measures are often
contaminated by significant amounts of noise). Biomarker assays from saliva, hair, blood, and other
biological samples can serve as measures of behavior, social experience, and well-being (for a
review, see Ewbank, 2008). Genetic profiles and polygenic scores may characterize risk or potential
related to social-psychological constructs, though they do not always map onto constructs specified
in theories or biological processes that confer risk or potential (Burt, 2022). Some aspects of biology
are of interest to social psychologists due to the effects of social experience on biological structures
and processes, such as, for example, in epigenetics (Champagne, 2010) and immunology (Shattuck,
2021). Collectively, these neurobiological attributes and processes are the focus of constructs in
social neuroscience (Cacioppo et al., 2010) and social psychoneuroimmunology (Muscatell, 2021).  

Forms Of Constructs And Their Measurement 

In addition to target and attributes, constructs can be characterized by the forms of their expression
and how, if at all, their expression differs across time and place. The most fully delineated
constructs specify the type and degree of variability in the forms of their expression. Construct
form varies along three primary dimensions. Consistency concerns the degree to which a construct
and scores from measures of it are the same or vary at different points in time. Breadth concerns the
degree to which a construct and scores are expected to be the same or vary across different tasks,
activities, or life domains. Awareness concerns the degree to which people are conscious of and able
to report on the presence and influence of the construct. The primary attributes of some constructs
do not vary for different combinations of consistency and breadth, only their expression. For
example, trait, state, general, and domain-specific forms of self-esteem measurement typically
assume the same conceptualization and use straightforwardly adapted measures of the construct
(e.g., Kernis et al., 1993; Marsh, 1986). The primary attributes of other constructs vary across forms of



expression (e.g., self-efficacy vs. generalized self-efficacy beliefs, Bandura, 2006; Schwarzer &
Jerusalem, 1995). Nearly all constructs that may be expressed with and without awareness (e.g.,
implicit vs. explicit self-esteem, Pelham et al., 2005) differ in conceptualization as reflected in
different measurement strategies at different levels of awareness. These similarities and differences
in how constructs may be expressed have significant implications for how they are measured. 

Consistency 

Consistency refers to the degree to which evidence of the construct, as reflected in scores on
measures of it, is constant or variable across time and place. Constructs that are relatively constant
are commonly referred to as traits, and those that are variable are referred to as states (e.g., the
experience of emotions described in the attributes section). In reality, whether delineated as such or
not, many constructs are somewhere between the two (Geiser et al., 2017). That is to say, the
attributes and processes specified by the construct have a stable form that is cross-temporally and
cross-situationally consistent and a variable form that is sensitive to differences in internal and
situational states. When the delineation of the construct is silent concerning stability and
variability, statistical models that allow for both components of variance in scores on a measure
across time or situations can provide insight into consistency of expression. For example, an
application of the integrated trait-state model to personality ratings on 90 consecutive days found
considerable intraindividual variability (i.e., “state” variance) in extraversion and neuroticism
ratings (Hamaker et al., 2007). The model also revealed that the degree of variability across time
varied between persons, suggesting that delineations of these constructs, typically considered
traits, should account for day-to-day variability. 

Evidence of constant and variable forms of constructs is influenced by how they are measured. For
example, self-report items that refer to “in general” or “typically” invite ratings that are trait-like.
Alternatively, items that refer to “right now” or “currently” invite ratings that are state-like.
Importantly, however, statistical approaches such as the integrated trait-state model can reveal
variability in trait ratings and constancy in state ratings. When accounts of constructs do not
address consistency, the results of these models can lead to fuller and more informative delineation
of constructs. For construct delineations that address consistency of expression, such as anxiety
(Spielberger et al., 1983) and self-esteem (Kernis et al., 1993), through different versions of measures,
these models offer rigorous tests of theoretical assumptions about the consistency with which the
construct is expressed. 

Breadth 

Breadth concerns the degree to which constructs express similarly across tasks, activities, and
spheres of life or vary in their expression across those domains. Domain-general constructs express
similarly across domains, whereas domain-specific constructs may express differently in different
domains. As with consistency, delineations of constructs might not address the breadth of
expression, thereby leaving the determination of the degree of breadth of expression of constructs
to empirical strategies. Those strategies typically entail the tailoring of a domain-general measure to
focus on one or more specific domains. Administering the domain-general and one or more domain-
specific versions of the measure allows for the estimation of similarity in scores across domains and
the relative performance of domain-general and domain-specific scores in predicting outcomes of
interest. For example, in examining the potential domain-specificity of self-control, Haws et al.
(2016) tailored a standard measure of domain-general self-control to measure self-control in the



spending and eating domains. They found moderate correlations between scores on the domain-
general and domain-specific measures and that correlations between domain-specific self-control
and domain-relevant outcomes were stronger than correlations between domain-general self-
control and the same outcomes (see Cronbach & Gleser, 1957, on bandwidth versus fidelity in
measuring constructs for purposes of prediction). A similar strategy has shown a comparable
pattern for measures of other constructs, including grit (Rumbold et al., 2022), risk attitudes (Weber
et al., 2002), and quality of life (Wu & Yao, 2007). An alternative approach examines statistical
models of the relations between domain-general and domain-specific expressions, often finding a
hierarchical factor structure in which a correlated set of domain-specific factors are influenced by a
second-order factor assumed to be the domain-general expression of the construct (e.g., Marsh,
1990). Results of these empirical considerations of breadth suggest that descriptions of many
constructs in social psychology should account for potential variability in expression across tasks,
activities, and life-domains. 

Awareness 

Awareness concerns the degree to which the target, nearly always a person, is conscious of the
attributes and processes specified by a construct as it influences their emotions, cognition, and
behavior. Explicit forms of constructs specify attributes and processes of which the person is aware.
Conversely, implicit forms of constructs specify attributes and processes that exist and exert
influence without awareness (for a review, see Nosek et al., 2011), though the person may become
aware of their existence and influence on reflection (Hahn et al., 2014). As with differences in
consistency and breadth, awareness of the expression of a construct is not fully present or absent.
Rather, many constructs of interest to social psychologists may be expressed with or without
awareness. Examples include prejudice (Brauer et al., 2000), self-esteem (Spalding & Hardin, 1999),
and aggressive tendencies (Frost et al., 2007). Unlike the strategies that allow for comparable
measurement of constructs across levels of consistency and breadth of expression, approaches to
measuring explicit and implicit expressions of constructs are, by necessity, quite different. Whereas
the measurement of explicit expressions of constructs is relatively straightforward, typically as self-
reports, the measurement of implicit expressions is challenging. The dominant approach in the field
is the Implicit Association Test (Greenwald et al., 1998; cf, Blanton et al., 2006), though other
strategies have been developed (Jones et al., 2002; Payne et al., 2005). Not all constructs of interest to
social psychologists express beneath awareness; however, for the many that do, fully-specified
construct delineations require an accounting for explicit and implicit forms, the association
between them, and when each is expected to influence emotions, cognition, and behavior (e.g.,
Payne et al., 2017). Measures of these two forms of constructs that are at least somewhat parallel
would allow for statistical modeling that accounts for both forms as with models of differences in
expression in terms of consistency and breadth. 

Sources Of Information About Constructs 

Different sources of information about a construct may be available for different combinations of
target, attributes, and forms of measurement. Key considerations are minimizing bias and
maximizing correspondence between the information available from the source and the construct.
In terms of bias, the concern is the accuracy of information about specific behaviors (e.g., frequency
or amount of alcohol use, time spent using social media apps) and validity of information about
cognitive activity and emotional experience, especially when the source is subject to motives that



influence reporting (e.g., underreporting undesirable emotional experiences) or unable to access
relevant information (e.g., self-reports of higher-order cognitive processes, observer reports of
emotional expressiveness). For these reasons, any particular source of information may be
inadequate for measuring a construct, pointing to the value of triangulating constructs in
measurement by obtaining construct-related information from multiple, diverse sources (Eid &
Diener, 2006; Smith & Harris, 2006; for an example, see Connors et al., 2016). So doing permits the
separation of method and construct variance in scores produced by different measurement
strategies. For example, four sources of information from which measures of social-psychological
constructs could be drawn are the self, informants, specialized equipment, and organic data. Scores
from each source, assumed to share only construct variance, should relate similarly to other
constructs (Campbell & Fiske, 1959). 

Self 

Social psychologists are more reliant than ever on research participants as the primary, even sole,
source of information about their own thoughts, feelings, motives, and behavior (Sassenberg &
Ditrich, 2019). The foremost consideration when considering the self as the source of information
about a construct is whether, for that construct, the participant is able and willing to report on the
attributes it specifies. Ability concerns include whether participants have access to the attributes or
processes of interest (Nisbett & Wilson, 1977) and whether they have reliable recall of prior
experiences, states, and behaviors (e.g., Larsen & Fredrickson, 1999; Verbiej et al., 2021). Assuming
ability, willingness is evident in the influence of personal motives and concerns (e.g., social
desirability) that result in reports that do not reflect the participants’ true standing on a construct
(e.g., Brenner & DeLamater, 2016). Other considerations include context (e.g., Hadwin et al., 2001),
modality (e.g., Gnambs & Kaspar, 2015), and reference standard (e.g., Lira et al., 2022), which is
addressed in the section on self-report measurement. 

Informants 

For certain constructs, particularly those for which the self is unsuitable as the sole source of
information, informants may be a viable source. The term informant broadly refers to any person
who provides information about a target’s standing on a construct. Although the targets of
informant measurement typically are other people, they could be objects, situations, or
environments. A key concern is the degree to which the attributes of interest are observable or can
be inferred with validity via observable actions or characteristics (Carpenter et al., 2017; John &
Robins, 1993). A related concern is whether the informant is sufficiently informed and attentive to
provide valid ratings of the target on the construct of interest. The choice of the informant must
consider the characteristics of the target to be rated and potential informants’ exposure to the
target, accepting that a single informant perspective may be insufficient to fully capture the
construct (e.g., Coie & Dodge, 1988). The relationship between the informant and the target is
relevant for many constructs and can range from people unfamiliar with the target (naïve or
expert; e.g., Gosling et al., 1998) to people familiar with it. When the target is a person, familiar
informants include peers (e.g., Larson et al., 2007), coworkers (e.g., Heainisch & Jex, 1998),
roommates (Paunonen & Kam, 2014), romantic partners (e.g., Foltz et al., 1997), and, for younger
targets, parents and teachers (e.g., Warnes et al., 2005). When the target is an object, situation, or
environment, knowledge about the target through experience or training is desirable if not
essential (e.g., Andresen et al., 2013; Linney, 2000). 



A special case of informant-based measurement involves each member of a collection of people
rating themselves and each additional person in the set (Kenny & La Voie, 1984). The set may
include members connected in some meaningful ways, such as families (Snijders & Kenny, 1999),
work teams (Kluger et al., 2021), and other intact groups (e.g., Øverup et al., 2021), or members who
are previously unacquainted (e.g., Dufner & Krause, 2023). The full set of self- and other ratings by
all people in a set allows for the decomposition of variance in ratings on a construct into
components corresponding to how people, on average, rate others on the construct; how people, on
average, are rated on the construct by others; and how people are rated differently on the construct
by specific others. The round-robin designs typical of applications of the Social Relations Model
demonstrate the value of informant ratings for understanding the sources of variance in a
construct. That value is also evident in the use of collateral reports to triangulate targets’ true
standing on a construct (e.g., Connors & Maisto, 2003). 

Specialized Equipment 

Information about some constructs may be obtained from specialized equipment either designed
specifically for psychological measurement or for general use but nonetheless a source of construct-
relevant information. When the conceptualization includes biological attributes, specialized
equipment may be the only viable source of information. For other attribute types, it may be used
to complement information from other sources, such as self-reports or observer ratings. And, for
some constructs, specialized equipment may be the only option for measuring some attributes (e.g.,
response latency). 

Focusing first on constructs conceptualized primarily in biological terms, when attributes of the
construct involve brain activity, a widely used approach to measurement is fMRI using a scanner
(e.g., Zarate, 2023). Scanners are examples of general-purpose equipment that produce output useful
for measuring constructs of interest to social psychologists (though how those measures are
extracted is a concern; e.g., Eklund et al., 2016). Although resting-state fMRI scans are useful for
characterizing some attributes or as an informative comparison (e.g., Pang et al., 2022), fMRI scans
typically measure activity in selected brain regions while the participant in engaged in a task
assumed to require the cognitive or affective process of interest (for a review, see Phua &
Christopoulos, 2014). Other uses of specialized equipment for measuring brain activity include
electroencephalography (e.g., Harrewijn et al., 2018) and magnetoencephalography (e.g., Levy et al.,
2016) and the associated event-related potential and event-related field patterns of activity,
respectively (e.g., Schmid & Amodio, 2021). 

Moving beyond brain activity, several biological signals provide social psychologists with
information about constructs of interest. Examples include skin conductance (Boucsein et al., 2012),
heart rate and heart rate variability (Berntson et al., 1997), blood pressure (Shapiro et al., 1996), and
pupillometry (Mathôt, 2018; for a review, see Cacioppo et al., 1989). Particularly promising for
situated and continuous measurement is equipment that enables ambulatory assessment, which,
when paired with EMA and passive sensing by mobile devices, allows for highly informative
capture of information relevant to multiple attribute types (Conner & Mehl, 2015; Trull & Ebner-
Priemer, 2014). Although many fixed and ambulatory systems for capturing physiological
information are designed specifically for research, the information they provide, often in a
continuous stream, requires substantial processing. Strategies for evaluating measures derived from
these sources are more challenging and less frequently applied than strategies for evaluating
measures derived from other sources, such as self-report or informant ratings (Strube & Newman,



2007; Tomarken, 1995). Yet, they have the potential to provide information about constructs that
either cannot be accessed by self or observers or are subject to biases that limit the usefulness of
information from those sources. 

Perhaps the most widely used specialized equipment in social psychology is the computer.
Moreover, a significant proportion of social interaction is now accomplished using computers and
other Internet-connected devices. A feature of the computer that has proven particularly useful in
measuring constructs is the ability to record with precision the amount of time between keystrokes.
Keystrokes paired with stimuli presented on the computer screen (super- or subliminally) can be
used to measure response latency, a useful source of information about attention, deliberation,
processing speed, and other attributes specified by constructs (Fazio, 1990). Examples include
attitude accessibility (e.g., Mulligan et al., 2003), implicit cognition (e.g., Greenwald et al., 1998),
emotional arousal (e.g., Temple, & Geisinger, 1990), and implicit emotional states (Bartoszek, &
Cervone, 2022). As with scores from physiological measurements, the interpretation of scores from
computer-based measures such as response latency is not straightforward (for an example, see
Blanton et al., 2009). 

Most uses of specialized equipment as a source of information about a construct are done in such a
way that research participants are aware that something about them is being measured. An
alternative approach makes use of passive sensing, often via electronic devices already in use by
participants or wearable devices that are soon forgotten by the wearer (for a review, see Schödel &
Mehl, 2025). The approach is passive in that, once measurement has begun, the research participant
is not required to engage with the device for the purpose of measurement. It detects different forms
of activity through sensors native to the device, typically a smartphone (Cornet & Holden, 2018;
Stachl et al., 2020). Within psychology, popular forms of passive sensing capture individual
behaviors, such as location (e.g., GPS), movement (e.g., accelerometer), health status (e.g.,
physiological sensors); or relational behaviors, such as interactions with others (e.g., sociometric
badges) and online communication (e.g., social media; see Saha et al., 2019; Thapa et al., 2021; Wu et
al., 2008). In addition to smartphones, devices useful for passive sensing include smart watches
(Thun et al., 2012), wrist and ankle bracelets (e.g., Greenfield et al., 2014; Sultana et al., 2018), smart
rings (e.g., Moshe et al., 2021), wearable cameras (Brown et al., 2017), and smart-home technology
(Nelson & Allen, 2018). Although there are many technical aspects of passive sensing, such as signal
processing and backend data management (for reviews, see Bayoumy et al., 2021; Harari et al., 2016),
the approach has considerable promise as a means of unobtrusive measurement in situ. 

The promise of rich and continuous data passively collected in natural settings is offset somewhat
by strategic and technical concerns. Using novel devices may require acclimation and may create
irregular behavioral repertoires. For example, wearable cameras that take snapshots throughout the
day need participants to temporarily remove them when bystanders are uncomfortable or in non-
public spaces (Brown et al., 2017). Wearing an ankle alcohol monitor may result in less naturally
occurring alcohol consumption behavior (Greenfield et al., 2014). Furthermore, because devices
may not be reliable, careful validation and pilot testing may be required to determine their viability
for a specific context (e.g., Chaffin et al., 2017; Greenfield et al., 2014). More broadly, in research that
extracts information from devices purchased and worn outside the research context (e.g., Fitbit,
Apple Watch, Oura Ring), the non-representativeness of people using such devices may increase
inequities in research (Bayoumy et al., 2021) and, therefore, the generalizability of findings. Finally, a
number of ethical considerations related to privacy and data security beyond those typical of
research in social psychology require careful consideration (Kreuter et al., 2020). 



Organic Data 

Organic data are a wide-ranging information source increasingly available for behavioral research
and of potential value for measuring constructs of interest to social psychologists (see Kosinski,
2024). Unlike designed data generated by researcher-managed sources, organic data are generated
as digital byproducts of people’s interactions, transactions, and movements (Groves, 2011). The
volume of organic data is astounding and growing. As an example, in one minute across the globe in
2019, more than 18 million text messages were sent, 188 million email messages were sent, nearly 4
million Google search queries were entered, and 4.5 million YouTube videos were viewed
(Desjardins, 2019). Collectively, connected people and devices were generating 3.5 quintillion bytes
of data every day in 2023 (Wise, 2023). The volume, variety, and richness of personal organic data
are such that they may soon be routinely included alongside self-reports of behavior in
psychological research (Montag et al., 2022). A significant advantage of organic data is that, for many
sources, it is available across the globe, making possible national and cultural comparisons that
would be too costly or logistically complex for researcher-managed data collection. In particular,
organic data may prove useful for characterizing environments and situations at a level that could
never be achieved using observers and coders (e.g., Suel et al., 2019). 

Numerous types of organic data are generated by a growing number of sources that pervade nearly
all aspects of everyday life. Virtually all business transactions produce a digital trace; examples
include credit card use, utility use, health service access, and product scans. Social media activity is
a rich source of information about social experience reflected in photographs, short videos,
comments, and reactions to social media posts. Information generated by routine mobile device
and/or computer use ranges from sensor-based information, such as location and movement, to
features of personal experience, such as search history, information captured by mobile apps, text
messages, and photos and videos. Increasingly, information is generated by objects and equipment
that collectively constitute the Internet of Things, from which the Internet of Behavior is derived
(Sun et al., 2022). Among the “things” connected by embedded technology that transmit information
through the Internet are appliances, automobiles, voice assistants, home health monitors, and
security systems. In addition to serving the functions for which they were designed, these sources
provide rich data on choices and behaviors relevant to constructs of interest to social psychologists. 

Examples of organic data use in research by social psychologists suggest its promise as a source of
information about constructs across targets. Observable Facebook profile information, such as the
number of “friends,” the number of posts, and the number of photographs correlates moderately to
strongly with self-reports of extraversion (Gosling et al., 2011). A model based on more than two
million time stamps on end-of-day Reddit posts produced scores strongly correlated with users’ self-
reported bedtimes (Meyerson et al., 2023). Perceivers’ ratings of 𝕏 (formerly Twitter)-using peers
using only a subset of their posts were moderately accurate when compared to self-reports of
impulsivity (Orehek et al., 2017). An analysis of the use of Google search terms that indicate interest
in high-risk/reward ways of making money (e.g., “lottery”) by U.S. states revealed a moderate
correlation between online searches and income inequality as reflected in states’ Gini coefficient
(Payne et al., 2017). Machine learning algorithms applied to digital traces from Facebook activity
accurately distinguished between users who tend toward problematic social media use and those
who do not (Marengo et al., 2022). As is evident in these examples, the organic data of most interest
to social psychologists have been digital traces from social media activity. Moreover, those data
have typically been at the individual level and coupled with designed data used to interpret and
validate digital phenotypes. Research that uses organic data to characterize populations and
features of the environment is rare; however, as training in the use of data management and



analytic tools for large data sets becomes more accessible, uses of organic data that depart from
standard practices with designed data will increase. 

A significant barrier to using organic data effectively for measuring constructs is the extraction of
scores that correspond to constructs of interest. Most forms of organic data are voluminous and not
generated to measure constructs. The challenge, then, is how to use organic data to produce
construct-relevant scores that are reliable, valid, and reproducible. An initial consideration is
whether and how data of interest can be accessed. Digital traces from some sources are publicly
available (e.g., Reddit), but access is controlled for many sources (e.g., 𝕏 [formerly Twitter] data are
available only with Academic Research access). When accessibility has been arranged, the next
challenge is how to move (if allowed) and work with a data set that is several orders of magnitude
larger than the typical “large” data set in social psychology. Organic data may require a level of
screening, cleaning, and manipulation that exceeds what is typical of designed data in social
psychology. Manual procedures are not feasible for this work; instead, automated algorithms are
necessary to detect unusable data (e.g., activity attributable to bots; Orabi et al., 2020) and extract
meaningful information (Cafarella et al., 2009). Cleaned data are then suitable for applying
algorithms and analytic methods for digital phenotyping, descriptive visualizations, and prediction
(Yarkoni & Westfall, 2017). A number of validity concerns specific to the use of organic data for
measuring constructs must be considered (for a review, see Xu et al., 2020). These range from errors
in algorithmic outputs (van Giffen et al., 2022) to decisions about algorithmic parameters and
procedures before examining the data (Hofman et al., 2017) to measurement bias attributable to
biased algorithm training (Tay et al., 2022). Furthermore, company algorithms that control what
content social media users are shown (e.g., Meta Business Help Center, n.d.) or recommendations
they are provided (e.g., YouTube, n.d.) may result in usage data that do not reflect personal decisions
and potentially distort personal preferences. These validity concerns are specific to the uses of
organic data and add to the traditional validity concerns relevant to measurement in social
psychology. Yet, given the richness, prevalence, and increasing availability of organic data, and the
potential to access features of constructs uniquely available in such data (e.g., exposure to
misinformation spread primarily on dark platforms; e.g., Sirola et al., 2022; Zeng & Schäfer, 2021),
accessible methods for addressing them are sure to emerge (e.g., van Giffen et al., 2022). 

SELF-REPORT MEASUREMENT 

Despite a large and growing number of sources of information for measuring constructs, social
psychologists rely heavily on self-report measurement (e.g., Boyle et al., 2015; Weidman et al., 2017).
Self-reports can be elicited using open-ended or free-response queries; however, far more common
are statements or questions followed by discrete response options from which respondents choose
one. Given the widespread use of closed-ended items in social psychology (Sassenberg & Ditrich,
2019) and a large number of considerations relevant to their effective use (Stone et al., 2000; cf.
Haeffel & Howard, 2010), the focus in this section is self-report measurement of this type. Readers
interested in self-report measurement using free-response strategies will find detailed treatments in
other sources (e.g., Cathain & Thomas, 2004; Friborg & Rosenvinge, 2013; Grysman, 2015; Haddock &
Zanna, 1998). 

Preference for the closed-ended self-report method is seldom justified either in terms of its general
merits or as the best choice for a particular research question or context. Several features of the
method likely have led to its popularity and uncritical use. Foremost is the simplicity of data
collection, a feature that has grown in appeal with the increasing availability and sophistication of



remote methods of self-administration. Items are easily administered to potentially large and
distributed samples, requiring little or no interaction between respondents and research personnel.
Moreover, with rare exceptions, administration does not require specialized space or skill. Another
appealing feature of self-report measurement is that, for many constructs, participants are the most
appropriate source of information. For example, constructs such as attitudes, beliefs, and opinions
are people’s personal subjective views of objects, ideas, and preferences. Finally, self-report
measurement is assumed to be straightforward and simple, requiring nothing more than generating
a set of direct questions or statements followed by response options. Ready access to web-based
tools, such as SurveyMonkey, Google Forms, and Qualtrics has made it possible for someone with
little or no knowledge of measurement to develop and administer a self-report questionnaire.
However, as the number of topics covered in this section attests, effective self-report measurement
requires substantial knowledge and expertise. 

The appealing features of the closed-ended self-report method are offset by several limitations and
drawbacks. The most significant limitation is that people are unable to validly report their own
higher-order cognitive processing (see earlier section on cognitive attributes of constructs). Yet,
even when respondents are privy to their own standing on constructs of interest, they may be
unwilling to report accurately or unable to do so. Potential sources of influence on responses to self-
report items other than the focal construct are well-documented and include social desirability
(Paulhus, 1984; Ziegler & Buehner, 2009), failure to recognize reverse-scored items (Weijters et al.,
2013), a shift in frame of reference across measurement occasions in studies of change (Howard &
Dailey, 1979), and a failure to accurately or completely recall prior behaviors and states (e.g.,
Horvath, 1982; te Braak et al., 2023). Access and bias concerns aside, the complexity of some
constructs, as specified by theory, may be difficult to capture in statements or stimuli typical of self-
report measurement (e.g., Cording et al., 2010). Additional concerns related to understanding and
interpreting statements and response scales in self-report measures arise for research involving
low-literacy respondents (Chachamovich et al., 2009). Acknowledging these concerns and the need
to attend to them when considering self-reports as a source of information about constructs (Uher,
2023), the remainder of this section addresses features of self-report items that affect their
informativeness. 

Anatomy Of A Self-Report Item 

The typical form of closed-ended self-report items presented to respondents is shown in Figure 4.
The encircled numbers identify five parts of an item and its presentation to be considered in
developing, adapting, or evaluating self-report items typical of research in social psychology. These
parts are referred to when they are relevant to the strategies and concerns discussed below,
keeping in mind that not all parts are present in all instances of self-report measurement. 

Figure 4: A Generic Self-Report Item Showing the Features of Items as Administered That Warrant Careful
Consideration in Measurement Design. 



Self-report items and item sets (i.e., questionnaires or “scales”) often are prefaced by text that orients
the respondent to the items, response format, and potentially the construct they were designed to
measure (#1). In addition to making clear how the response scale is to be used, emphasizing
confidentiality, and encouraging honest responding, the text in this part may be used to set the time
frame (e.g., past 30 days) or context (e.g., when with peers) the respondent is to reference in
reporting. The only part frequently receiving serious consideration in item/questionnaire
development or evaluation is the statement or question about which a rating will be given (#2).
Statements or questions may refer directly to the construct of interest or indirectly to it when
respondents’ awareness of what is being measured would bias their reporting about it (Paulhus &
Vazire, 2007). As with instructions, statements and questions may include information about the
time frame or context, often in the form of repeated item stems for every item in a set. Of critical
concern but typically receiving little consideration in the development and evaluation of self-report
items are parts 3, 4, and 5. Anchors (#3) determine the range of ratings. Although strongly disagree
and strongly agree are common—often used without thought for their appropriateness—many
options are possible that affect how scores are interpreted in important ways. Respondents provide
ratings that contribute to scores by selecting a value from a set of options (#4) between pairs of
anchors. The options may be expressed in explicit numeric terms (e.g., 1 to 7), a continuum that is
underlain by numeric values as in digital sliders or visual analog scales, or sets of verbal expressions
of quantities. Finally, anchors may be used as labels for the extreme values, and additional labels
may be provided for each interim value (#5; e.g., strongly disagree, disagree, neither agree nor
disagree, agree, strongly agree). This feature is optional and, for reasons discussed below, not
generally recommended. Issues include finding appropriate labels for five or more response options,
finding labels suitable for certain anchors, and labeling of the middle response option. Each of these
parts is relevant for the performance of self-report items and, therefore, warrants careful
consideration in their design and evaluation (see Schwarz & Oyserman, 2001, for a review of the
cognitive processes involved in self-reporting). 

The widespread use of multi-item self-report measures in social psychology owes to the seminal
work of Rensis Likert on the measurement of attitudes (Likert, 1932). Likert pioneered the general
approach to developing multi-item scales still in use by social and personality psychologists: (1)
generate candidate items; (2) select the desired number of items that meet selection criteria; (3)



evaluate the reliability and validity of the resultant scale. The term “Likert scale” refers to multi-
item measures produced using Likert’s steps and format; not individual items or the set of response
options as it is sometimes used (Carifio & Perla, 2007). Contemporary multi-item self-report
measures are perhaps best described as “Likert-type” scales, as they resemble measures that reflect
Likert’s recommendations but differ in particulars (Uebersax, 2006). Such scales reflect Likert’s
general approach for measuring constructs of many types (i.e., not just attitudes) and advances in
questionnaire design, administration, and evaluation (Jebb et al., 2021). 

Considerations In The Design And Evaluation Of Self-Report

Measures 

Other characteristics of sets of items beyond those identified in Figure 4 that warrant careful
thought include scale length, item order within a set, the inclusion of reverse-scored items, and
how items are presented visually. As noted earlier, researchers typically are concerned most—even
exclusively—with the statements or questions. This concern is evident in the presentation of scales
in research reports as simply a set of statements or questions, perhaps with the suggestion of a
response scale. However, the other parts of self-report items, and how sets of items are organized
and presented, influence how the construct is reflected in scores and, therefore, how scores are
used in description and hypothesis testing. The remainder of this section focuses specifically on five
considerations in the design, evaluation, and use of self-report measures. These considerations,
which are summarized in Table 3, are, for the most part, independent of the mode of administration,
which is not addressed; informative discussions are available elsewhere (e.g., Bowling, 2005;
Schwarz et al., 1991). 

Table 3: Summary of Considerations in the Design and Analysis of Self-Report Measures 



Scale Length 

 When developing new self-report measures or making decisions about how much time is available
for the measurement of a construct in a survey or experimental session, the question of how many
items to use is relevant. A practical consideration is the typical time constraint in research settings
where the measure is likely to be used. For instance, studies that enroll online samples are often in
the range of 15-20 minutes, rarely exceeding 30 minutes, in duration. A reasonable expectation is 60
items in a 10-minute period (CloudResearch, n.d.); thus, the typical battery would accommodate 90-
120 construct-relevant items (though respondents can sustain attention in responding to as many as
300 items; Bowling et al., 2022). Constructs for which the only validated measures are lengthy are
not suitable for this commonplace research setting. It is perhaps unsurprising that abbreviated
versions of lengthier measures of constructs have been developed and, in many cases, have become
the most frequently used measure of the construct (e.g., Duckworth & Quinn, 2009; Hoyle et al.,
2002; Tangney et al., 2004). This trend toward shorter scales is unlikely to change, suggesting that
the target length of new measures should be consistent with widely used abbreviated versions of
longer scales. 

A fundamental conceptual consideration with implications for scale length is whether an item set
fully covers the content of the targeted construct as specified by theory. This determination
requires a thorough delineation of the construct against which the content of items in a set can be
compared. That comparison could inform the development or use of an item set in several ways. If
the conceptualization of the construct specifies several attributes, then one or more items could be
developed for each attribute. More than one item per attribute might address different contexts in
which the attribute is evident or different forms of expression. For complex constructs, this
approach to content coverage can result in a lengthy scale inconsistent with the principle that
shorter is better for most research settings. In such cases, getting adequate content coverage with
fewer items requires statements or questions that are more general or abstract, referencing clusters
of attributes or allocating only one item per attribute. The most extreme form of this move from
granular to general content coverage are measures that purport to cover content with one or two
items. Examples include one- and two-item measures of the Big Five personality domains (Gosling
et al., 2003; Woods & Hampson, 2005), a one-item measure of global self-esteem (Robins et al., 2001),
and one-item measures of life satisfaction (Gnambs & Buntins, 2017). The value of such measures for
many research settings has increased attention to developing single-item measures (Allen et al.,
2022; Fisher et al., 2016). Construct coverage is a particular concern when brief forms of longer
measures are produced by eliminating items based on empirical criteria (e.g., Koczkodaj et al., 2017).
Unless multiple items per attribute were included in the longer scale, the shorter scale would ignore
some attributes of the construct and, therefore, not fully reflect it. In such cases, a better approach
would be the development of a smaller set of items that reflect the construct in more general terms.
In any case, very brief measures should be compared to longer and more complete measures of the
same construct to ensure equivalent measurement of the construct (e.g., Gnambs & Buntins, 2017). 

Statements Or Questions 

Regardless of the number of items in a set, the characteristics of the statements or questions to be
rated are a key consideration. Good treatments of structural features (e.g., statement/question
length) and specific wording concerns (e.g., reading level, use of negations) are available in the
literature (e.g., Blanton & Jaccard, 2018; Boeteng et al., 2018). Here, the focus is on more general



considerations, assuming care has been taken to optimize the structure and wording of statements
or questions to be rated. 

The most fundamental concern is the degree to which the statements or questions reflect the target
construct as they are read and understood by respondents from populations for which the scale will
be used. A statement that accurately reflects a construct to knowledgeable researchers may not
invoke the target construct or may invoke other constructs when read and rated by respondents.
For example, statements that refer to being anxious may suggest eagerness to some respondents
and intense worry to others. Two scale development strategies mitigate against this threat to
validity by involving typical respondents in the statement/question design process. An efficient
means of ensuring that candidate items are read and understood as desired is to engage members of
the target population at the stage of item generation. Qualitative interviews and focus groups are
means by which representatives of the target population can convey their understanding of the
target construct, specific ways the construct manifests, and ways of expressing differences between
people on the construct (e.g., Nassar-McMillan et al., 2010). Engaging representative population
members in this way may suggest statements, descriptions, and themes that can be used to generate
candidate items. Alternatively, researchers can generate candidate items based on a well-developed
conceptualization of the construct before inviting input from members of the target population.
Cognitive interviewing may be used to elicit input aimed at ensuring statements or questions are
clear, understandable, and accurate in their representation of the construct for the population
(Beatty & Willis, 2007). Whether elicited before or after item generation, input from the target
population can contribute to better self-report measurement by increasing the probability that the
respondents will reference the target construct when choosing responses. 

When considering a statement or question before choosing a response, respondents are likely to
consider contextual information related to time and place or specific attributes of the construct.
They might also bring to mind other people or groups, considering their own standing on the
construct by comparison. Collectively, these are matters of reference. When references are
unspecified, the references respondents freely choose may vary widely, producing variance not
attributable to the target construct (e.g., Lira et al., 2022). The most commonly provided reference is
the time period over which the respondent is to report. When the period is deemed irrelevant,
items might begin with “Generally” or “Typically,” presumably eliciting information about
respondents’ standing on a form of the construct that is temporally and cross-situationally
consistent. Alternatively, because of study design, as in longitudinal studies, or the nature of certain
constructs, specific information about the time period to be referenced might be specified. Examples
are “In the past month,” “Since you last reported,” and “Right now, at this moment.” Such references
influence retrieval strategies for personal behaviors or experiences relevant to standing on the
construct (Walentynowicz et al., 2018). Other frames of reference include context (e.g., home, work,
online) and comparison others (e.g., peers, significant others). When manifestations of the construct
that differ across contexts or comparison others is of substantive interest, a useful strategy is to
include a word or phrase in the statements or questions that refer explicitly to the reference and
can be tailored. For example, an item on the Perceived Cohesion Scale (Bollen & Hoyle, 1990) reads, “I
see myself as part of the __________ community.” The blank could be replaced by the name of a
school, a town, or a workplace; the selected name would be included in all items. Items of this sort
assume that standing on the target construct is tied to a specific context, to which respondents
should be referring when self-reporting. 

A final consideration is whether any of a set of items should be phrased to reflect the absence or
opposite of the target construct. Such items might take two forms. A common approach is to insert a



negation such as “not” or “don’t” into a statement that reflects the construct. Lower scores on such
items—that is, not endorsing the absence or opposite of the construct— are assumed to reflect the
construct. An alternative approach is to state or inquire about an attribute that is the opposite of the
attribute of interest, in which case lower scores indicate that the opposing attribute does not apply.
A challenge in writing these items is a clear understanding of the opposite or “low pole” of
constructs and their attributes. The risk is stimulating responses that refer to aspects of the
opposing construct that are not, strictly speaking, relevant to the construct of interest. Findings
from comparisons of responses to items with and without negation or reference to opposing
constructs indicate that reversed items do not alleviate the biases they are designed to address,
instead creating confusion. Fewer mistakes due to inattention and confusion are evident when all
items are worded in the direction of the target construct (van Sonderen et al., 2013), and method
effects attributable to wording direction are less likely to emerge in psychometric evaluations (Zeng
et al., 2020). In short, reversed items should be used sparingly, if at all, with a full understanding of
and accounting for their influence on scores (for a review and integrative model, see Weijters &
Baumgartner, 2012; Weijters et al., 2013). 

Continuum Specification 

The assignment of scores to people concerning a target construct assumes that the construct has a
theoretical continuum. Consideration of how item responses array people along the continuum is
known as continuum specification. It describes the process through which the continuum is defined
and operationalized in self-report measurement (see Tay & Jebb, 2018). The two main considerations
in continuum specification are (a) defining the target construct continuum, and (b) operationalizing
the continuum based on the proposed definition.  

One aspect of defining the construct continuum is to consider the polarity of a construct—in most
cases, whether the construct is bipolar or unipolar. As shown in Figure 5, a bipolar continuum has
anchors that convey opposing attributes or states. For example, affect valence construed as
happiness-to-sadness is a bipolar continuum. In contrast, a unipolar continuum has the lower pole
representing the absence of an attribute or state rather than its opposite. For instance, positive
affect construed as the presence of happiness to the absence of happiness is a unipolar continuum
(see Russell & Carroll, 1999). How the polarity of constructs is defined, and whether the response
format matches those definitions, is an often-overlooked aspect of measurement validity. 

Figure 5: Bipolar and Unipolar Continuum Specifications for Measuring Happiness 



Well-defined polarity of constructs allows for the rigorous operationalization of the construct
continuum. For one, specifying the construct continuum affects whether reverse-worded items
should be considered (concerns raised earlier, notwithstanding). When the construct continuum is
unipolar, including reverse-worded items does not align with the content of the construct. For
instance, it would be inappropriate to include a statement or question that refers to being very sad
in a measure of the unipolar positive affect construct, in which the lowest pole represents less
happiness rather than being very sad (Russell & Carroll, 1999). Another aspect of operationalizing
the construct continuum is the consideration of response scale anchors (#3 in Figure 4). For
example, some response scales explicitly assume a bipolar continuum by including an anchor that
corresponds to the opposite of the construct (e.g., top panel in Figure 5). Such response scales do not
align with a unipolar continuum. For unipolar continua, anchors should be used that indicate the
presence or absence of the construct (e.g., bottom panel in Figure 5).  

The consideration of construct continua is not merely one of preference. A failure to consider this
feature of self-report items can create significant inferential problems and confusion. For instance,
using unipolar scales results in a theoretical maximum correlation between happiness and sadness
of -0.47 rather than -1.00 (Russell & Carroll, 1999). Moreover, evaluations of latent structure can
indicate two factors, one of which is a statistical artifact, contributing to the longstanding
controversy of whether positive and negative emotions are distinct or part of a bipolar continuum
(Tay & Kuykendall, 2017). This concern may apply to other areas of research, such as attitudes,
personality, and interests (Tay & Drasgow, 2012). Moreover, formalized theoretical models of the
interaction between attributes of a construct behave very differently for bipolar and unipolar
continua (Haslbeck et al., 2021). More generally, the psychometric properties of unipolar and bipolar
scales differ enough that they should not be viewed as interchangeable (Höhne et al., 2021, 2022). 

Number Of Response Options 

Although related to continuum specification, the consideration of how many response options to
offer respondents (#4 in Figure 4) warrants separate attention, given its importance for scoring,
interpretation, and analysis. The number of response options is often given little thought in social-



psychological research, governed more by precedent and norms than careful consideration. The
considerations that influence how many options to offer respondents are of two general types: (a)
implications for how respondents understand and locate themselves on the response continuum
and (b) implications for scoring, modeling, and analysis. The decision about how many response
options to offer and how to present them should balance these two considerations. 

The most basic concern in choosing the number of response options is ensuring that people who
differ in their standing on the construct differ in their self-rating. Related to this concern is
ensuring that different ratings are attributable to differences in standing on the construct and not
random error. The possibilities for the number of response options range from coarse (yes-no) to
practically continuous (e.g., digital slider). From a respondent understanding and response selection
perspective, a rationale for choosing a number is the minimum number of options that allows
respondents to unambiguously express their standing on the construct without requiring them to
choose between options they cannot differentiate on the construct. The ideal balance results in
variance attributable primarily to the construct as expressed in the statement or question, with
little or no error variance attributable to an inability to differentiate between adjacent values.
Although more response options might produce more variance (a common justification), that
variance may not be attributable to the construct. As an example, respondents given response
options ranging from 1 to 15 might find it difficult to choose between intermediate values—say, 4, 5,
and 6—because it is unclear how they differ in reflecting standing on the construct. An additional
consideration of this type is whether to offer an odd or even number of options, the former
providing a midpoint. If response options are not labeled, respondents may view the midpoint as
just another choice along a continuum. If options are labeled, then how midpoints should be labeled
is a concern. For instance, when measuring an attitude, the midpoint could be labeled neither agree
nor disagree—an expression of indifference—or labeled agree and disagree—an expression of
ambivalence (e.g., Kaplan, 1972; Yoo, 2010). As part of the continuum specification process, the
choice about whether to offer a midpoint and, if labels are provided, how to label it, should follow
from the conceptualization of the target construct. 

A second consideration is statistical and concerns how the results of analyses using scores are
affected by the number of response options. If underlying a response scale with a finite number of
options is a continuous scale, then one concern is how coarsely categorizing the scale affects
associations estimated using scores. It can be shown through simulation (e.g., Bollen & Barb, 1981) or
comparisons of associations for respondents given different numbers of response options (Simms et
al., 2019) that reducing a continuous scale to a relatively small number of points along a continuum
—coarse categorization—attenuates statistical associations with other variables. For example, a
population correlation of .20 estimated from coarsely categorized scales will be .12 with two
categories (e.g., yes, no) and .18 with five (e.g., strongly disagree to strongly agree). The attenuation of
estimates of association is increased further when the intervals between categories are unequal
(Onoshima et al., 2019). Assuming, however, that, for reasons outlined in the previous paragraph,
coarse categorization is warranted, a question that arises is whether scores can be treated as
continuous in analytic models that assume continuous measurement scales. When normality
cannot be assumed, simulations suggest that five or more categories are sufficient to justify using
estimators that assume scores were generated by continuous scales (Rhemtulla et al., 2012;
Robitzsch, 2020). 

Response Labels 



Related to the number of response options are considerations about the use of labels in combination
with, or instead of, numeric options (Maitland, 2009). Referring back to Figure 4, labels might be
associated with response options in two ways. First, and most common, labels anchor numeric
scales, sitting alongside the most extreme numeric options (#3). Second, labels for the most extreme
responses are associated with those numeric options, and additional labels are associated with
interim numeric options (#4). A version of this option, made popular by Web-based survey tools,
dispenses with the numeric options altogether, presenting the respondent with only the labels.
Regarding anchors, the choice of labels should consider how statements or questions are phrased
and how the construct is expressed. Strongly disagree and strongly agree are common choices;
however, they make assumptions about the underlying continuum that are rarely examined, as
well as the wording of statements. Other anchor options define the continuum as one of degree (not
at all–very much) or frequency (hardly ever–nearly always) of expressing the construct. When the
anchors refer explicitly to the construct, the extremity is a consideration. For example, anchoring a
scale with extremely sad and extremely happy may discourage the choice of the lowest and highest
values, given the unlikelihood of extreme expressions of these emotions. This concern must be
balanced against the need to differentiate respondents at the highest and lowest levels of the
construct from respondents at the middle of the range. 

Rather than providing only anchors and no labels on the response options themselves, the scale
may provide a label for each response option. A widely used form of this labeling is strongly
disagree, disagree, neither agree nor disagree, agree, strongly agree. Although the concern about the
labeling of the midpoint raised earlier applies, labels in this range do not suffer from an issue for
other ranges—how to communicate degree using labels that define equivalent intervals. The issue is
particularly challenging with more than four or five response options. Nevertheless, research on
labeling versus not labeling response options suggests that using labels for measuring some
constructs in some populations is preferable (for a review, see Krosnick & Fabrigar, 1997). Beyond
the simple labels typical of survey items, an expanded labeling format that embeds the typical labels
in different forms of the statements to be rated (e.g., “I am very lazy,” “I am somewhat lazy,” “I am not
at all lazy”) has shown promise for use with some measures (Zhang et al., 2023). With more than a
few response options or a continuum for which interim labels are not easily generated, numeric
scales with anchors are the better option and do not appear to produce lower-quality data or
compromise validity when compared to the labeled response format (e.g., Lewis, 2019). 

Self-Reports In Intensive Longitudinal Studies 

To this point, the focus has been on self-report measurement in the context of cross-sectional
survey or questionnaire studies. Another research context in which self-report measurement is
routinely used is intensive longitudinal studies, in which brief questionnaires are administered
repeatedly—often multiple times per day—over a short period of time (e.g., two weeks). This
experience sampling methodology (ESM) has as its goal capturing self-reported momentary
experiences using diary methods (Bolger et al., 2003) and ecological momentary assessment
(Shiffman et al., 2008). ESM can improve self-report measurement of constructs in several
significant ways. First, it enables the assessment of within-person phenomena on which substantial
psychological theory and interventions are based (e.g., enacting behavior X leads to behavior Y).
Second, it enables more accurate measurements by overcoming memory biases in retrospective or
global self-reports (Scollon et al., 2003). Third, the dynamic nature of constructs can be measured,
enabling the capture of natural-occurring variability in constructs such as affect (Kuppens et al.,
2010), personality (Fleeson & Gallagher, 2009), and performance (Dalal et al., 2020). Although most



of the considerations relevant to survey or questionnaire studies apply in the ESM context,
limitations of time, attention, and presentation format give rise to additional considerations. 

A key consideration in the use of ESM is the time required to complete each questionnaire.
Although for an ecological momentary assessment study, the total time required to respond to as
many as five requests per day over the course of 14 or more days is not substantial, repeated
requests are an intrusion increasingly likely to produce reactance and nonresponse as the
magnitude of the intrusion increases. It is recommended to keep the questionnaire duration short
(5-10 minutes), increasing brevity (perhaps down to 1-2 minutes) as frequency increases, for a total
response burden during the day of 15-20 minutes in total (Fisher & To, 2012; Tay, 2018). Increasing
frequency rather than questionnaire length is preferable for reducing participant burden (Eisele et
al., 2022). Finally, regarding study duration, many ESM studies typically last one to two weeks,
although some span months (Christensen et al., 2003; Fleeson & Gallagher, 2009); study duration
contributes to participant burden and fatigue. Significant concerns also arise from changes to
responding due to familiarity (e.g., response sets bias), which may be ameliorated by randomizing
questionnaire items (Swendsen et al., 2000). The measurement challenge is how to adequately
assess the constructs of interest quickly. Assuming the estimate of 10 secs per item, the limit may be
as few as 15-20 items for all constructs of interest (plus additional measurement through passive
sensing; Thapa et al., 2021). As a result, constructs are frequently assessed using single items (e.g.,
Cloos et al., 2023; Song et al., 2023). Single-item measures are available for a growing number of
constructs (Allen et al., 2022) and provide an efficient and effective means of measuring constructs
in the intensive longitudinal research context, where the focus is the state form of the construct. 

Although the timing of administration is relevant for traditional surveys, especially in longitudinal
studies, it is of central importance in intensive longitudinal studies. Not only is timing relevant to
concerns related to intrusiveness and burden, but it also applies to how scores on measures are used
to operationally define constructs and their expression. Thus, when using self-report measures with
ESM to capture the dynamic, temporal, and contextual aspects of constructs, considerable thought
must be given to the rationale for when and how often to request responses from participants. Four
types of schedules are typical when using ESM, each with strengths and weaknesses (see reviews
by Christensen et al., 2003; Fisher & To, 2012). A time-contingent (or interval-contingent) schedule
requires participants to complete measures at fixed times each day. It is applied when there are well-
established rhythms or timings to behavior changes expected in the sample of interest. A signal-
contingent schedule specifies the random timing of signals during the day. Typically, the
randomization occurs within time slots to intersperse self-reporting. This schedule can increase the
validity of assessing broad life experiences as classically used in ESM (Csikszentmihalyi et al., 1977)
and is also used to capture fluctuations that may unfold idiographically. An event-contingent
schedule relies on participants to complete self-report items when a specific event occurs. This
schedule is helpful for assessing episodic behaviors that arise in events, such as social interactions
or substance use (see review by Ebner-Priemer et al., 2009). Finally, there is a context-contingent
schedule, wherein notifications are sent to participants based on passively sensed information of
surrounding context (e.g., proximity to home or office; Das Swain et al., 2019). Because sensors
consistently detect contexts, they reduce measurement gaps characteristic of event-contingent
schedules that rely on participants to remember to report an occurrence.  

Taken together, the timing and frequency of measurement in intensive longitudinal studies should
allow for valid assessment of the dynamics of the focal constructs with sufficient data points to
reliably estimate effects at specific levels of analysis (e.g., day-level changes, week-level changes).
Moreover, more complex calculations of temporal constructs and their interrelations—variability,



reactivity, inertia, cycles, and feedback loops—require sufficient and appropriately timed
measurements to calculate them validly and reliably (Diener et al., 2020). Careful consideration of
the specific types of construct-relevant parameters implicated in the motivating questions or
hypotheses is necessary for the right number of assessments and their frequency. 

PROPERTIES OF SCORES 

Scores are the product of measurement in quantitative research. Reflecting the widespread use of
self-report measures, the preponderance of information about working with scores in social
psychology refers to scores derived from self-report measures, frequently referred to as “test scores”
(e.g., Kane, 2013; Messick, 1989). Because self-report measurement is but one of many potential
sources of information about constructs, and constructs may refer to targets other than people,
language that does not assume scores in a set used to create a composite score are responses to self-
report items is used in this section. The origin of scores may be any of the information sources
reviewed earlier, including specialized equipment, digital devices, and the many forms of organic
data. Moreover, a composite may comprise scores from multiple sources, deviating from the general
bias toward monomethod measurement. Thus, scores refers to numeric values produced by or
extracted from any of the wide array of sources of information reviewed earlier. 

The evaluation and interpretation of scores are relevant for judging the quality and usefulness of
the source from which they derive; however, the source and the scores derived from it are not to be
treated as one and the same (Kane, 2013). Any interpretations or inferences offered concerning a
measured construct apply specifically to a set of scores from a particular sample at a particular time
and place. This relation between scores, measurement, and constructs is depicted in Figure 6. Scores
are evaluated and interpreted, and inferences are drawn about their associations with other scores,
with reference to a targeted construct. Whether those evaluations, interpretations, and inferences
would apply to a set of scores from a different sample, or even from the same sample at a different
time or place, is uncertain. Thus, assertions about reliability and validity when measuring
constructs are assertions about those properties as evidenced in a specific set of scores acquired
using a specific procedure in a specific research design context. For that reason, generalizability is
always a consideration when evaluating and interpreting scores. 

Figure 6. Scores Are Produced by Measurement of Attributes Specified by a Construct, and the Evaluation
and Interpretation of Scores Refer Back to the Construct. 



Reliability 

A fundamental property of scores derived from a measure is their reliability. A reliable measure
consistently produces scores on the construct it measures. Consistency may be evaluated with
respect to the time or place of measurement (e.g., test-retest reliability), items in multi-item scales
(e.g., internal consistency), or ratings provided by judges or informants (e.g., inter-rater agreement).
Reliability is necessary but not sufficient for valid measurement; scores derived from a measure can
reliably measure constructs that differ from the construct of interest. Strategies that aim to
maximize certain forms of reliability of scores derived from multi-item scales (e.g., coefficient alpha)
may work against valid measurements of the targeted construct (Clifton, 2020). As such, measures
to achieve consistency of scores must take care not to undermine the validity of scores as judged
with reference to the targeted construct. When valid measurement has been established, higher
reliability of scores is important for accurate estimates of population effect sizes (Trafimow, 2016)
and fully controlling for confounding constructs when estimating partialed effects (Westfall &
Yarkoni, 2016). 

Estimates of reliability provided in social psychology research reports are typically values of
Cronbach’s (1951) coefficient alpha, the limitations of which are well-documented (e.g., Cronbach &
Shavelson, 2004; Green et al., 1977; Green & Yang, 2009; Schmitt, 1996; Sijtsma, 2009; cf. Raykov &
Marcoulides, 2019). Those limitations stem from a set of assumptions rarely met in practice.
Foremost among those is the fact that, for alpha to be a point estimate of reliability, one requires the



assumption of tau equivalence: the true item scores (which may or may not reflect the targeted
construct) are linear translations of each other (Lord & Novick, 1968). Coupled with the assumption
of unidimensionality, tau equivalence is evidenced by equal factor loadings on a single factor.
Additional commonly made assumptions are uncorrelated errors and normally distributed scores.
Failure to meet these assumptions can result in distorted estimates of reliability (Sheng & Sheng,
2012; Sijtsma, & Pfadt, 2021). A more fundamental assumption when interpreting internal
consistency as a point estimate of reliability is that the sources of the scores contributing to a
composite are correlated and that correlation is attributable to a single latent variable. Referring
back to Figure 3, that assumption is reflected in the conceptualization depicted in Panel A.
Conceptualizations depicted in Panels B and C make no such assumption and, as such, consistency
as assessed by alpha and other indices based on a common factor assumption may not be a relevant
form of reliability for these cases (for a discussion of the broader potential impact of this assumption
when it does not hold, see Rhemtulla et al., 2020). 

It is important to note that, even when the strict assumption of tau equivalence is not met, alpha
can still be useful, if it is interpreted as an estimate of a lower bound to reliability. This
interpretation does not require the above assumptions and holds for any composite that can be
decomposed into a random (measurement error) and systematic (true score) component; whether
these components are consistent with a unidimensional model is irrelevant to the proofs that
establish alpha as a lower bound (Sijtsma & van der Ark, 2020). When unidimensionality cannot be
assumed, reliability cannot be interpreted as precisely as for unidimensional constructs, but may
still be profitably conceptualized as the squared correlation between the observed total test score
and the true total test score, i.e., the expectation of the total test score (Guttman, 1945; Sijtsma, 2009;
Sijtsma & Pfadt, 2021). Cronbach’s alpha establishes a lower bound to that quantity; if for a set of
items Cronbach’s alpha equals .70 in a population, then the squared correlation between the
observed total test score and the true total test score is at least .70. This lower bound property is
true for any total test score, regardless of whether the composite is unidimensional. As the relations
between items approach tau equivalence, the lower bound will approach the actual reliability more
and more, and when the relations between items are tau-equivalent, alpha is no longer an estimate
of a lower bound to reliability but a point estimate. 

Alternatives to coefficient alpha include other internal consistency estimates and other approaches
to estimating reliability when internal consistency is not meaningful (e.g., single-item measures,
formative indicators). The internal consistency alternatives, which assume a common factor model
but drop restrictive assumptions such as equal factor loadings, include the composite reliability for
congeneric measures model (Raykov, 1997), variants of coefficient omega (Flora, 2020; McDonald,
1999; cf. Cho, 2021), and the greatest lower bound (Sijtsma, 2009; Woodhouse & Jackson, 1977; for
comparisons, see Cho, 2016; Revelle & Zinbarg, 2009; Trizano-Hermosilla & Alvarado, 2016). Omega
coefficients perform particularly well with measures typical of social-psychological research (Dunn
et al., 2014; Revelle & Zinbarg, 2009; Trizano-Hermosilla & Alvarado, 2016). When, for composites,
the common factor does not apply, and for single-indicator measures such as those used in ESM
studies or extracted from passive sensing or organic data, consistency typically is evaluated over
time by correlating scores from a single sample on multiple occasions (e.g., Fisher et al., 2016; Polit,
2014; Spörrle & Bekk, 2014). Although Pearson’s r is typical for estimating test-retest reliability, the
intraclass correlation coefficient is often a better choice (Shrout & Fleiss, 1979; Weir, 2006). The
selection of time intervals between assessments is critical and should be informed by an
understanding of whether levels reflected in scores on the targeted construct would be expected to
change or remain the same at different intervals. 



Validity 

Validity is a core topic in measurement theory and evaluation (Cronbach & Meehl, 1955; Kane, 2006;
Messick, 1989). However, in contrast to properties of scores such as reliability and measurement
equivalence, the conceptualization of validity has not converged on a commonly accepted
definition over the past century (Newton & Shaw, 2014). At least four conceptualizations,
summarized in Table 4, are in use.  

Table 4: Conceptualizations of Validity

Properties Of The Measurement Approach 

Validity can be viewed as a question about the measure used to derive scores: Does it measure what
it purports to measure (Kelley, 1927)? For instance, do scores on the Implicit Association Test (IAT)
measure individual differences in implicit cognition (Greenwald et al., 1998)? Validity of measures
typically involves the causal question of whether the targeted attribute (e.g., an implicit stereotype)
causes systematic differences in scores derived from the measure (IAT scores; Borsboom et al.,
2004). As such, a primary locus of evidence for the validity of measures lies in the explication of
processes that contribute to differences in scores derived from the measurement approach. For
instance, what response processes lead individual differences in implicit stereotypes to produce
individual differences in IAT scores (De Houwer et al., 2009)?  

Properties Of Scores 

Consistent with the view that the performance of measures is judged by the scores derived from
them (Kane, 2013), validity can refer to the properties of scores. Here, the most relevant property is
the correlation between scores and a (possibly latent) criterion of interest (Lord & Novick, 1968). For
instance, do IAT scores predict scores on explicit measures of stereotypes or behavior outside the
measurement context (Nosek & Greenwald, 2009)? Under the assumptions of classical test theory
(Lord & Novick, 1968), predictive validity is limited by score reliability (predictive validity cannot
exceed the square root of reliability; Lord & Novick, 1968), and in this sense, reliability implies an
upper limit for predictive validity coefficients. However, it should be noted that this property does
not generalize to composites (e.g., Panel B in Figure 3). For example, when predicting a criterion
from a number of variables, the prediction will be optimal if the predictors are mutually



uncorrelated but highly correlated with the criterion; a composite constructed from such variables
(e.g., a total score) will have excellent predictive utility but will not for instance adhere to
unidimensionality. Thus, when, as is typical in the field, composing a set of items according to
criteria such as internal consistency and unidimensionality, it should not be assumed that the
composite is optimizing predictive utility.  

Interpretations Of Scores 

Validity can be used to refer to interpretations of scores (Kane, 1992; Messick, 1989). Here, the
question is to what extent an interpretation of a score is justified. The justification of score
interpretations commonly involves the evaluation of a broader theoretical context than merely the
psychometric aspects of the situation. For instance, the justification of an interpretation of IAT
scores as indicators of, say, latent bias would not just involve a psychometric analysis, but also a
definition of bias and a theory of how bias and implicit stereotypes are connected; as such, the
validity of score interpretations supersedes (and often encapsulates) that of measures and the scores
derived from them (Messick, 1989). 

Property Of Score Use 

Validity can be viewed as a property of score use, for instance, in educational assessment,
psychiatric diagnosis, and personnel selection (Shepard, 1997). Because scores may be used to justify
actions, not just interpret them, the validation of score use is not merely a matter of scientific
investigation; it also involves the consideration of norms, values, and regulative ideals that guide
behavior (Messick, 1989; Shepard, 1997; Wijsen et al., 2022). For instance, whether the use of IAT
scores in bias-reduction efforts can be justified depends not only on scientific considerations but
also on political ideals and social values. 

Although various attempts at integrating or aligning the different meanings of validity have been
made (Kane, 2006; Markus & Borsboom, 2013; Messick, 1989), the field does not appear to be
converging on a single conceptualization (Newton & Shaw, 2014). As such, validity is a multifaceted
property of measurement approaches, and the scores they produce can have different relevance or
meaning to different researchers in different contexts. Across all measurement approaches and
scores, the primary consideration is whether, as shown in Figure 6, scores can be interpreted or
applied with reference to the construct of interest. Because delineations of constructs evolve and
the use of measures often falls outside the uses considered when initial evidence of validity was
produced, validation is best viewed as an ongoing process of ensuring acceptable correspondence
between constructs and measures of them (Flake et al., 2017). 

Equivalence 

The evaluation of measurement equivalence asks whether the properties and meaning of scores
derived from a measure are the same for different groups or at different points in time. Referring
back to Figure 6 and the arrow from scores to construct, the equivalence question is whether the
construct is similarly reflected in scores across the range of groups and time points to be studied. If
not, between-group or longitudinal comparisons on the construct using the scores are not
meaningful. Historically, measurement equivalence received scant attention from social scientists,
reflecting an assumption that observed differences or changes in scores indicated true differences



or changes in the focal construct (Davidov et al., 2014). With increasing attention to diversity in
samples and interest in cultural differences, the assumption that scores represent the same
construct for different groups must routinely be evaluated (e.g., Eid & Diener, 2009; Han et al., 2019).
Measurement equivalence is an important condition, as it facilitates meaningful between-group
comparisons, especially when the groups to be compared have different histories, speak different
languages or dialects, or are exposed to different cultural norms and expectations. 

Measurement equivalence can be examined at two levels: psychometric and conceptual. The
preponderance of published commentary and research on equivalence refers to evaluations of
psychometric equivalence, commonly referred to as measurement invariance testing (for a review,
see Leitgöb et al., 2023). Invariance testing involves comparing parameters in measurement models
of scores that contribute to composites or serve as single indicators of a construct. In the case of
measures based on multiple scores, invariance testing moves through a hierarchical set of
comparisons, beginning with whether the number of factors and pattern of loadings on those
factors are the same between groups and, if the basic form is equivalent, comparing different sets of
parameters (e.g., loadings, errors). Strict invariance (i.e., all parameters are equivalent for the groups)
is not necessary for informative between-group comparisons of scores (Byrne et al., 1989; c.f., De
Beuckelaer & Swinnen, 2011); however, there is general agreement that equivalence of factor
loadings and the intercepts of measurement equations is ideal for unambiguous between-group
comparisons of composite scores (Davidov et al., 2014; Tay et al., 2015). This is particularly important
if researchers interpret observed mean differences between groups in terms of mean differences in
constructs (Borsboom, 2006).  

An alternative approach is to focus on the construct rather than the psychometric properties of
scores. Even strict psychometric equivalence does not guarantee conceptual equivalence (Boehnke,
2022), because the fact that the measurement model behaves the same way in different groups does
not imply that one is measuring the same construct in these groups. For instance, it is possible that
tests of the psychometric equivalence of a set of personality items administered to one group and a
set of intelligence items administered to another group, satisfy measurement invariance criteria; all
that is required for measurement invariance to hold is that the structure and parameters of the
measurement model are the same. Therefore, conceptual equivalence should not be ignored,
particularly when comparisons are cross-cultural or when verbal measures are translated for use in
different languages. Retaining the semantic content of items across translations, as would be the
goal of translation accuracy verified through back translation (Brislin, 1980), does not guarantee an
equivalent representation of the construct. Newer translation approaches include focusing on the
target construct in the translation process (e.g., Clifton et al., 2023; Harkness, 2007). A different but
promising approach for developing new measures to be used in different languages or for different
cultural groups is the development of emically informed items for each group designed to achieve
equivalence in capturing the focal construct without the restriction of semantic sameness (e.g.,
Boehnke et al., 2014). Conceptual equivalence also applies to nonverbal measures, such as digital
phenotypes and behaviors gleaned from organic data. Scores derived from these sources may also
have different meanings for different groups. Focusing on conceptual rather than psychometric
equivalence shifts the generalizability concern from the generality of findings to the generality of
theoretical conclusions (Mook, 1983), which typically is of greater interest to social psychologists. 

Fairness And Bias 



Unfairness and bias in measurement can lead to problematic inferences and conclusions. Moreover,
the measurement of social-psychological constructs has significant implications because scores
assigned to people on dimensions, such as ability, personality, and attitudes are often used to select,
promote, or train them for educational and organizational opportunities (Kubiszyn & Borich, 2016;
Sackett & Lievens, 2008). For this reason, the Standards for Educational and Psychological Testing
(American Educational Research Association, American Psychological Association, & National
Council on Measurement in Education, 2014) and the Principles for the Validation and Use of
Personnel Selection Procedures (2018) have been developed to address the key issues surrounding
fairness and bias in measurement.  

Foremost, fairness is recognized as a social concept with multiple valid perspectives. One
perspective stems from a distributive justice standpoint of ensuring equal group outcomes; that is,
the same scores are obtained between groups on the same measure. Another perspective stems
from a procedural justice standpoint. Fairness concerns of this type include equitable treatment (i.e.,
people are treated in the same manner in the measurement protocol irrespective of group
membership); comparable access (i.e., people are not systematically restricted in their access to the
construct being measured); and the lack of measurement and predictive bias. Critically, the
Standards and Principles reject the equal group outcomes definition of fairness for psychological
measurement, because, though measures that reveal group differences should be scrutinized, score
differences between groups do not necessarily indicate unfairness in measurement. For example,
finding differences in scores on a psychological attribute (e.g., well-being, attitudes, mindsets,
personality) between groups may reflect systemic differences in socioeconomic status (Brown-
Iannuzzi et al., 2017), culture (Triandis & Suh, 2002), and other factors.  

Although unequal group outcomes are not necessarily indicative of unfairness in a measurement
procedure, the consequences of scores derived from measures that show large group differences,
especially for high-stakes decisions, can perpetuate a lack of representation of minority groups.
Indeed, there are concerns that measurement procedures are typically validated using WEIRD
(Western, Educated, Industrialized, Rich, and Democratic) samples (Henrich et al., 2010); a failure to
consider generalizability to other groups can be a form of unfairness (Greenfield, 1997). Scores can
also be unfairly interpreted to create stereotypical views of groups, such as the genetic
interpretation of intelligence test scores for racial groups (Hudson, 2015). Moreover, such
stereotypes can lead to differential reactivity to the measurement procedure, as seen in stereotype
threat and stereotype lift (Steele & Aronson, 1998; Walton & Cohen, 2003). More broadly, constructs
that stem from a White dominant perspective could be biased against underrepresented minorities
(American Psychological Association 2022; Horin et al., 2012; Shelton, 2000). As such, a holistic
consideration of fairness and bias in conceptualization and measurement is warranted, whereby
the consequences of constructs and their scores assumed to reflect them are interrogated. 

CONCLUSIONS 

All empirical research in social psychology requires the measurement of constructs. As such, the
quality and impact of social-psychological research hinge in no small measure on effective
measurement. Effective measurement begins and ends with well-delineated constructs. Such
constructs specify attributes that are the focus of measurement strategies. Those strategies generate
scores, which allow for description and hypothesis testing about the construct, its association with
other constructs, and its relevance for policy and decision-making. This intimate connection
between construct and measure in effective measurement is not always recognized, resulting in



measures only loosely connected to a construct and constructs for which no suitable measures have
been developed. Measurement and construct theories summarized early in the chapter highlighted
the connections between them and the need to always consider them in tandem. 

The broad and inclusive coverage of targets, attributes, forms, and sources of information is a call
for greater diversity in conceptualizing and measuring constructs in social psychology. The
rationale for this call is threefold. First, no measure or measurement approach is without limiting
assumptions and shortcomings. For that reason, description and hypothesis testing based on
constructs always measured in the same way or using the same source of information is necessarily
limited. Depending on the target, most constructs manifest multiple attributes (e.g., cognitive,
affective), and most attributes can be measured using multiple sources of information. The
robustness of inferences about constructs is strengthened by the use of multiple sources of
information that capture different attributes of the construct. Second, the reliance on self-report
measurement has contributed to a bias toward focusing on the person. Receiving relatively little
attention are measures of groups, objects, situations, and environments. Measurement of constructs
related to these targets in a manner that is not filtered through people’s perceptions or limited by
their exposure to them is challenging. Organic data relevant to these harder-to-measure targets are
generated in large amounts and are often available to researchers. Increasingly inexpensive and
accessible digital equipment is another means of obtaining objective information about targets
other than people. Third, digital information generated as a byproduct of daily living in social
settings suggests new constructs and novel manifestations of extant constructs while suggesting
creative ways to measure them. As people increasingly engage in meaningful social interaction
mediated by digital devices in digital contexts, a robust and relevant social psychology will include
constructs and measures for describing and explaining it. In short, a broader view of measurement
in social psychology points the way to more robust measurement in general and means of
measuring constructs specified by theories beyond those filtered through the perception and
experience of the person as reflected in self-reports. 

As is true of all measurement approaches, self-report measurement is limited; however, for many
constructs of interest to social psychologists, the self-report approach is a suitable means of
generating scores. Moreover, for practical reasons (e.g., cost, reach), self-report measurement is likely
to continue as a primary approach to measuring constructs in social psychology. For these reasons,
the chapter devoted particular attention to the design and evaluation of self-report items,
highlighting ways that self-report measurement could be conducted more thoughtfully with
attention to rigor in the specification of all aspects of items. The design of items often focuses
exclusively on the statements or questions to be rated, ignoring influential aspects of items, such as
response options and labels. When self-report measurement is the preferred source of information
about a construct, careful consideration of all aspects of item design that might influence the scores
that will be treated as evidence of the construct is warranted. 

In sum, measuring constructs is at the heart of research in social psychology. Although effective
measurement does not ensure rigorous and reproducible research, it is essential for it; therefore,
measurement must be done well. Doing so will require more attention to the delineation of
constructs, more diversity and creativity in measuring them, and strong, clear connections between
the products of measurement and the conceptualization of constructs. The result will be a more
robust, informative, and influential social psychology. 
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1. From Spiegel’s (2011) interview of Hare on NPR’s All Things Considered, which focused on the need
to measure psychopathy in order to study it and Hare’s ambivalence about the use of measures
outside the research context. ↑

https://openpublishing.princeton.edu/#endnote-ref-1

