
Uncorrected manuscript, accepted at Annual Review of Developmental
Psychology

Psychometric Rigor for the Real World: Item
Banking in Developmental Research

Benjamin W. Domingue∗

Abstract

Measurement—a critical component of scientific progress—of at-
tributes in developmental psychology provides a number of challenges. I
argue that probabilistic models of item responses resolve many of these
challenges and deliver desirable features. Such models allow us to sys-
tematically investigate whether measures function equivalently across
groups of people, make it possible to deliver consistently meaningful
scores from different versions of the measurement instrument (that may
be better suited to different ages or developmental periods), and can be
used to efficiently maximize the value of time spent with the respondent.
To further enhance usability of a measure, its functioning can be codi-
fied in the form of an item bank. Item banks, databases containing the
information required for reuse of the item, can streamline future mea-
surement tasks given that items can be screened for invariance and se-
lected given the developmental stage of the respondents in question. To
illustrate these points, I discuss three recently-developed item banks—
the NIH Baby Toolbox, LEVANTE, and the D-score system—meant to
manage the kinds of challenges discussed herein.

Significance Statement: Psychological measurement is integral to
developmental research. I argue that practices in this space could be im-
proved in concrete ways via an increased emphasis on the understanding
of item functioning and codification of this functioning into item banks.
I discuss this via a focus on how item banks and the probabilistic mod-
els for item responses that they utilize can help facilitate solutions to
many challenges associated with psychological measurement (e.g., en-
suring that measures are functioning similarly across groups, generating
measures that are appropriate for a given respondent). I also discuss
three recent examples of item banks—the NIH Baby Toolbox, LEV-
ANTE, and the D-score system—relevant to developmental psychology.
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1 Introduction

Understanding change over time is a central issue in developmental science.
Growth in stature is a canonical example. Its measurement with a ruler has
several noteworthy properties. A ruler is able to effectively measure the height
of a child irrespective of that child’s background. An appropriately chosen
ruler can rapidly measure changes in stature across the full developmental
period (and alternative measurement equipment is available for measuring
changes in length in both far larger and smaller increments). The measures
generated by a ruler have a consistent meaning that can be readily compared
to measures of length generated by different rulers. While the measurement
of change in attributes of primary interest in developmental psychology will
be more fraught, our intuition of what it means to measure effectively can
often be informed by our intuition of how measurement with a ruler should
work. One of the key themes here is that we should try to build psychological
measures that have the kinds of properties associated with systems for physical
measurement (e.g., efficient, scaled for task-at-hand, intervally scaled based on
a common unit). This is a demanding task but one that, in my view, is at the
heart of building a better developmental science.

As an initial illustration of the challenges we will need to grapple with
when measuring psychological attributes, consider measures of executive func-
tioning [Diamond, 2013]. Common tasks used to measure facets of executive
functioning (EF) such as a Flanker task may be operationalized on a tablet
thus potentially becoming influenced by a child’s familiarity with a tablet (to
say nothing of the visual requirements of such a task).1 Children from differ-
ent backgrounds may have different levels of comfort with a tablet-based task
which may then distort our understanding of age-related change in EF across
groups. This is but one potential problem. We may also be interested in min-
imizing the response burden; rapid measurement will require precise targeting
given the child’s level of development. Moreover, a coherent understanding
of ’growth’ may require comparisons of measures derived from different tasks
onto the same scale (e.g., the tasks required to measure growth in core aca-
demic skills vary substantially as children age). This review will attempt to
articulate a unifying solution to these problems.

This review considers the key conceptual and operational issues associated
with measuring such psychological and behavioral attributes across time and
place. After considering these challenges, I argue that there is one unifying
approach to constructing measurement systems that could help propel psy-
chological measurement forward. In many respects, the specifics of this call
are not new—aspects of it date back several decades [Embretson, 1996]—but
it is timely given the increasing amount of psychological measurement done
via digital device and the interest in increased understanding of development

1Indeed, alternative measures of EF that do not require tablets have been developed for
scenarios where tablet-based assessment may be inappropriate or infeasible [Molfese et al.,
2010].
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in non-WEIRD settings [Henrich et al., 2010].
I consider a probabilistic understanding of item functioning as central to

building systems that have the desired features. Having probabilistic models
for item responses has many advantages. First and foremost, such models can
be falsified; we can interrogate how such models are working in a given sce-
nario. Second, as we shall see, such models can be used to diagnose violations
of measurement invariance and to resolve other practical testing problems.
Finally, when such models are judged to function effectively, they allow for
concise description of a measure’s functioning that can be saved for subse-
quent reuse. Specifically, this kind of description when codified into an ‘item
bank’ can help practitioners deal with the challenges—e.g., need for rapid as-
sessment, questions about portability across time and place—faced in practice.
Rather than having numerous different measures used for different ages and
contexts, an item bank can be a unifying force. An item bank containing a rea-
sonably large number of items with established and documented measurement
properties can be used to compose tailored assessments for different popula-
tions, age groups, or waves in a way that maximizes information, enhances
inference, avoids bias, and ensures comparability across people, samples, and
time. Alongside a conceptual discussion of item banking as a sound platform
for resolving many measurement challenges, I will also describe three recent
examples of measurement systems focused on children that have such solution-
oriented features [Gershon et al., 2024, Frank et al., 2025, Weber et al., 2019]
as instantiations of how item-focused measurement systems can be developed
and used. Item

bank: A
database
containing
information
about both
the item,
its
statistical
properties,
and other
information
needed to
ensure
appropriate
reuse of the
item.

2 Conceptual Considerations

While my main goal is to emphasize solutions to some frequently-encountered
(if my experience consulting on measurement challenges in education and psy-
chology is to be trusted) problems in psychological measurement, I begin with
critical historical context for these solutions. Psychological measurement is a
difficult endeavor and a better understanding of some of the underlying philo-
sophical disputes will help practitioners understand the limitations of psycho-
metric techniques. The issues that I discuss here are largely conceptual but
are relevant for my goals of offering real world guidance given that they clarify
the limitations we should anticipate of our measurement systems. I will tackle
three questions—what does it mean to measure? what kind of scale properties
should we anticipate? how do we think about validity?—that have been of
historical importance and remain of contemporary relevance.

2.1 The meaning of measurement

The classic definition is that measurement is the “estimation of the ratio be-
tween a magnitude of a quantitative attribute and a unit” [Michell, 2014] (the
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modern definition of measurement is more complex [Mari, 2013]). However,
whether psychology should aim to comply with this definition has been con-
tested over the years [Stevens, 1946, Michell, 1997]. My aim is to foreground
the issues raised in these debates that lead to a need for humility when consid-
ering psychological measures (deeper discussions of these debate are available
elsewhere [Briggs, 2021, Michell, 1999]). The core challenge is that the major-
ity of constructs of interest in developmental psychology are not things with
which we can interact directly but rather ‘latent’ in the full complexity cap-
tured by Bollen [2002]. An early expression of concern from 1940 regarding
whether ‘measurement’ was possible in psychology comes from the Final Re-
port of the Ferguson Committee [Ferguson et al., 1940] which objected to the
notion of measurement in psychology given that psychological constructs can-
not be concatenated (i.e., I can put two one foot rulers together to make a two
foot ruler but I cannot in any meaningful way combine executive functioning
across tasks or people).

Reactions to this report varied. One was to propose a more flexible defini-
tion of measurement (i.e., Stevens’ levels of measurement) premised on mea-
surement as “the assignment of numerals to objects or events according to a
rule” [Stevens, 1946]. Separately, developments in the field of conjoint mea-
surement [Krantz et al., 2006] demonstrated that concatenation is not essential
and that, under certain assumptions, scales with desirable properties may still
be possible even without concatenation. Let us consider each of these reac-
tions.

2.1.1 Measurement versus classification

Steven’s framework [Stevens, 1946] emphasized several different levels of mea-
surement. For our purposes, we shall consider nominal and ordinal scales for
measurement as ‘classification’.2 One theme here is that, consistent with mea-
surement of length, we should strive for measurement in the classical sense
while also acknowledging that this is no small feat with psychological at-
tributes. Given this goal, my reaction to classification-based is typically a
query of “can we do better?”. Theory often anticipates that the latent classes
of interest may be partitions of a unidimensional or multidimensional scale
(thus suggesting we do not require the class-based approach) and the statisti-
cal tools we use to make inferences about classes frequently confuse continuous
variation for class-based variation (Bauer and Curran [2003] provide an exam-
ple from the literature on growth mixture models). We will ultimately have
both improved theories and applied results if we attempt to map out and

2In not referring to these as ‘measurement’, I am going counter the guidance offered
elsewhere [Torres Irribarra, 2021]. My view is that the word measurement has an implied
meaning that we should acknowledge. If I were to identify the species of various insects
outside my home, saying “I am going to measure the bugs.” would almost certainly lead
someone to misunderstand what I was going to do. Classification would match peoples’
expectation of this activity.
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measure the relevant continuous scales rather than immediately resorting to
partitions of them.

Even on a more practical footing, there may be reasons to move beyond
class-based approaches. As one example from my own work [Ma et al., 2025a],
we considered the relative performance of diagnostic classification models—a
class-based item-response theory approach [von Davier and Lee, 2019]—when
compared to conventional approaches relying on an assumption of continuous
abilities (similar to Eqn 1 below). We first show, in simulation studies, that
these class-based approaches offer superior predictions as compared to contin-
uous alternatives when they are used to generate data. This evidence, when
combined with the observation that such approaches can flexibly fit even arbi-
trary data [Bonifay and Cai, 2017], suggests that class-based approaches might
be expected to outperform continuous approaches in empirical settings. This
is not at all what we observe. Rather, continuous approaches produce superior
predictions relative to class-based approaches (in data specifically chosen given
prior usage with class-based analyses) and are far less susceptible to overfit-
ting. Such evidence should make us reluctant to work with such class-based
approaches absent a compelling rationale.

As an alternative to direct modeling of classes, I would encourage attempts
to first build scales for the relevant attributes and to then interrogate the scales.
If there are behavioral profiles that do not map in intuitive ways onto the scale,
it might be that class-based approaches would be superior. In other cases,
classification based on a cutpoint, as in ‘standard setting’ [Cizek and Sternberg,
2001, Robinson, 2011], may be a useful alternative for attempting to identify
regions of the underlying continuum which represent qualitatively different
types of performance. This encouragement is not meant to suggest that there
are no valid uses for classification (see relevant discussion in Torres Irribarra
[2021] and the example in Borsboom et al. [2004]). Rather, we should be
striving to derive more functional approaches to measurement when we can.
This means working to build scales that go beyond classification or, when that
is not possible, to better understand the qualitative structure of the relevant
attribute that necessitates classification. Even if research does utilize class-
based approaches, one must be clear-eyed about this being a potential limit of
our provisional understanding of the attribute we are studying rather than a
ground truth (i.e., we used to classify hardness via Moh’s scale but it can be
measured intervally using more mature techniques [Ghorbani et al., 2022]).

2.1.2 Interval scales

Interval scales have a desirable property. A ruler with markings that are all
equivalently spaced and representative of some unit (e.g., an inch) is intervally
scaled whereas a ruler with differently sized markings is not (see Figure 1
in Briggs [2013] for additional discussion on this point). Note that the unit
emphasized here is the same unit emphasized in the classical definition of
measurement in Section 2.1. The length scale is defined with respect to a
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standard unit (e.g., an inch in the British imperial system or the meter in
the metric system) and all markings need to be faithful replications of this
unit. No matter the lengths of the objects in comparison, we can always
evaluate their differences by comparison to the base unit. If we consider, for
example, a simple sum score [Sijtsma et al., 2024], differences do not have
an interpretation in terms of reference to some standard unit. Indeed, most
psychological scales do not even define a reference unit, the Lexile [Stenner
et al., 2006] and D-score [Weber et al., 2019] scales being notable exceptions. Interval

scale: A
scale where
differences
are
consistently
meaningful
in terms of
the
underlying
unit.

When might interval scales be possible with psychological attributes? De-
velopments in ‘additive conjoint measurement’ [Luce and Tukey, 1964] de-
scribed a specific set of conditions sufficient for ensuring an interval scaling
of an attribute. Speaking roughly, these conditions work to ensure indepen-
dent variation in the items used to measure and the things being measured
influence a response. The task then becomes to test consistency with these
conditions. Direct tests exist [Karabatsos, 2001, 2018, Domingue, 2014, Davis-
Stober, 2009] but it is also known that the Rasch model which we discuss below
meets these conditions [Perline et al., 1979]. Consistency with either the Rasch
model or additive conjoint measurement requires assuring that measurement
data have certain types of structure. It can be difficult to refine measurement
systems such that they produce data that meet the relevant criteria yet I en-
courage psychologists to embrace this challenge given that attempting to make
such refinements will lead to improved understanding of a given attribute. Fail-
ing to develop interval measures is also likely to mislead: even if there is little
rationale for why a given scale might be interval, symbolic placeholders for
scale levels are often transmogrified into cardinal numbers when people start
using them. Put differently: I can assure you that people will calculate dif-
ferences between those symbolic placeholders. As in other disciplines [Sherry,
2011], efforts in the direction of constructing interval scales will be integral
to improved psychological science. Interval measurement is consistent with
colloquial usage of the term measurement, allows for analysis of differences in
scale values, and permits straightforward analysis via the common statistical
tools used by psychologists; it is the target we should be aiming for. Rasch

model: A
family of
item
response
models
that meet
stringent
criteria
[Fischer
and
Molenaar,
1995]. An
example is
in Eqn 1.

2.2 Validity

It is essential for users of a given measure to argue that it is ’valid’ but this
necessity has led to a shifting debate about the meaning of validity. Let us
begin with the stronger version of validity codified by various professional
organizations which emphasizes use: “Validity refers to the degree to which
evidence and theory support the interpretations of test scores for proposed uses
of tests.” [Joint Committee on the Standards for Educational and Psycholog-
ical Testing, 2014, p. 11]. Interpretations and uses of test scores, which are
external to the measure, have starring roles here. This emphasis is especially
salient when such scores are used for high-stakes decisions. For example, if a
decision about whether a child should receive some kind of intervention based
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on the outcome of some measurement process, evidence about the efficacy of
the intervention for this child as compared to other children will be essential
[Robinson, 2011]. If all children benefit from the intervention, we may not
need the measure. If, on the other hand, children at this level of the outcome
tend to benefit from the intervention but others do not, the inference is on
much firmer ground. Validity:

A topic
related to
the use and
interpreta-
tion of
psychologi-
cal
measures
but one
whose
definition is
contested.

While there is clearly a need to analyze whether uses of a given measure
are appropriate, emphasizing external criterion such as uses simultaneously
undermines consideration of internal criteria and asks developers of measures
to account for use cases that they may not have control. This has prompted
articulation of an alternative view that focuses on internal features: “A test is
valid for measuring an attribute if (a) the attribute exists and (b) variations in
the attribute causally produce variation in the measurement outcomes” [Bors-
boom et al., 2004]. The connection between the attribute and the measure is
central. For lower-stakes work, this internal notion seems like the more obvi-
ous focus given that uses are de-emphasized. Further, when we think about
measurement in the physical world, we think about the internal qualities of
that process not how it is used; understanding whether a ruler is a valid mea-
sure of length requires no information about subsequent uses. This definition
does not immediately offer guidance related to the fact that variation in non-
focal attributes may also cause variation in the measurement outcome. The
authors consider this point (see p. 1070) but I will emphasize here that we
should generally standardize assessment conditions, to the extent possible, to
minimize the undue influence of non-focal attributes.

Validity is a thorny subject. Issues of ‘use’ will largely be beyond the scope
of this discussion; I will focus on the inner-workings of a psychological measure.
Much of that discussion focuses on obtaining highly ‘reliable’ measures in the
sense of minimal measurement error. Given my goal of offering pragmatic
guidance, I want to now turn to a few key criteria for successful measurement
that, if met, will help to support even the broader notion of validity. Reliabil-

ity: A
quantity
indexing
the
precision of
a psycho-
logical
measure.

2.3 Key desiderata for psychological measures

We carry substantial intuition regarding what we desire from measurement
systems based on (even limited) experience with measurement of properties
of physical objects (e.g., length, mass). These intuitions are useful in both
identifying desirable features of measurement systems in psychology while also
making clear the limitations of existing technology in this realm. What are
these key desiderata? I emphasize three that will be relevant:

KEY DESIDERATA

1. Measurements should be insensitive to differences in nonfocal at-
tributes.
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2. Measurements should be comparable across measures taken from al-
ternative approaches.

3. Measurement systems should provide precise information about the
attribute as rapidly as possible.

While no system of psychological measurement can be expected to have per-
fectly achieved these goals, my thesis is that an increased focus on the prob-
abilistic understanding of the items which constitute many measurement sys-
tems will result in progress towards them. To demonstrate why this is so, I
begin with a discussion of how probabilistic models can be used to study data
derived from psychological measures.

3 Items and item banks as the foundation of

an operational measurement program

3.1 A probabilistic model for item responses

For the purposes of connecting the various issues discussed to measurement
practice, it will help to be specific. We consider a single model—the Rasch
model [Rasch, 1993, Fischer and Molenaar, 1995] which is the simplest item
response theory (IRT) model—before broadening this perspective in Section
4.4; in particular, we start with dichotomously coded responses before expand-
ing to polytomous responses. If person i responds correctly (1) or incorrectly
(0) to item j, suppose that

Prpxij “ 1|θiq “
1

1 ` expp´pθi ´ bjqq
(1)

where θi is a scalar representing person i’s location on some latent scale and
bj is the difficulty of item j. The difference between θi and bj controls the
probability of a correct response (see left panel in Figure 1). When θi´bj ąą 0,
the response will almost certainly be correct whereas when θi ´ bj ăă 0 the
response will almost certainly be incorrect. In this model, the only difference
between respondents is the θi quantity while the only difference between items
is their difficulty bj. The model offered in the left hand of Figure 1 will be the
key to building item banks which solve many measurement issues.

Eqn 1 is built on a few key assumptions that merit comment.

• Responses are assumed to be independent in that the response xij does
not depend on responses to other items j conditional on θi, bj; this is
a standard assumption with many latent variable models [Bollen, 2002].
Techniques exist for assessing this assumption [Edwards et al., 2018] and
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Figure 1: Left: Illustration of expected response behavior (Prpxij “ 1|θiq) as
a function of θi for a single item (i.e., a fixed value of bj). The probability
of a xij “ 1 response increases as a function of θi. Right: (Top) Differential
item functioning: The same item is uniformly harder for the respondents in
group represented by blue IRF as compared to the respondents in the red IRF.
(Middle) Equating: An easy item (shown in red) is given to respondents with
lower θ values; this results in an average response of 0.5. A more difficult item
is given to a group with larger θ which also results in an average response
of 0.5. With just the average we cannot make any claims about the relative
difficulties of the items or abilities of the groups (i.e., the horizontal gray lines
converge). IRT scales utilize the notion of parameter invariance to partition
between group ability and item difficulty. (Bottom): Adaptation: The values
are chosen such that the differences θ2´θ1 and θ4´θ3 are equal. This item does
little to differentiate between θ3 and θ4 respondents given that their expected
responses are quite similar. In contrast, this item would be more appropriate
for respondents in the region around θ1 and θ2.

there are scenarios where it needs to be relaxed (i.e., testlets; Wainer
et al. [2007]). Reading comprehension measures, for example, may have
a person first read relatively long passages and then respond to several
items thus embedding potential dependencies amongst these responses.

• Eqn 1 assumes that the person-level attribute θi is unidimensional; we
return to this assumption in Section 4.4.

• Item functioning only depends on a single parameter bj. There are a va-
riety of more flexible variants of Eqn 1; conventional alternatives would
be to model responses with two or three item parameters [Lord and
Novick, 1968] but even more sophisticated variants exist [Shim et al.,
2025, Van Schuur, 2003]. Much of my recent work has focused on com-
paring the performance of such models [Stenhaug and Domingue, 2022,
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Domingue et al., 2024]. One conclusion of this work is that the differ-
ences between these models can be fairly muted and we may not always
need to fret about selecting the optimal model.

• Eqn 1 assumes that the probability of a correct response increases mono-
tonically as a function of θ. This is desirable for some but not all items.3

Models wherein the probability will decrease as the distance between θi
and the relevant item parameter (i.e., an alternative to bj) increases are
available for such ‘unfolding’ style response processes [Andrich, 1996].

Before moving forward I want to emphasize an important conceptual ques-
tion: how much flexibility do we want in our measurement systems? The idea
of ‘specific objectivity’ is an important test. It asks whether comparisons of
objects generalize beyond the specific instruments used to compare them. For
example, inferences about who is tallest amongst a group of people shouldn’t
hinge on which ruler is used to make the inference. A violation of specific
objectivity raises question about whether we are ‘measuring’ in the conven-
tional sense. The Rasch model, if appropriate, ensures specific objectivity
holds which means that respondent orderings are preserved across any set of
items used to compare them. Specific objectivity does not necessarily hold
when more complex functional forms must be used in place of Eqn 1; whether
such flexibility in modeling is desirable has long been a source of contentious
debate [Wright, 1997] and is closely linked to the discussion in Section 2.1.2. Specific

objectiv-
ity:
Compar-
isons of
objects
should
generalize
beyond the
specific in-
strument(s)
used to
compare
them
[Rasch,
1993,
Fischer and
Molenaar,
1995].

After collection of responses by respondents to items, estimates of θi and bj
can be derived. Frequentist approaches typically separate estimation of item
and person parameters. Item parameters (e.g., bj) are first estimated using
a variety of techniques [Baker and Kim, 2004] with expectation-maximization
approaches [Bock and Aitkin, 1981] being a suitable default. Once item dif-
ficulties are estimated, person parameters (e.g., θi) can then be estimated in
a relatively straightforward way using maximum likelihood or related tech-
niques. Bayesian approaches are also available [Fox, 2010]. Note that missing
responses can be accommodated given that Eqn 1 focuses on modeling of a
response from person i to item j (e.g., we can still derive estimates for a per-
son i if they do not take all items). Given that Eqn 1 is invariant under a
translation of θi and bj, we need to fix the scale by making some assumption.
This is often done by fixing the distribution of θi to have a mean of zero and
standard deviation of 1.

Let us now suppose that assumptions of Eqn 1 are met and that data has
been collected in a first group G1 which allows for estimates of θi and bj. At
this stage, researchers can interrogate the degree to which Eqn 1 (or some
alternative) actually describes empirical observations. If it does not, this may
be a signal that the measure needs to be improved via an iterative process

3Items in affective measures such as “A dinner with a few friends makes for a perfect
Friday night.” where respondents who want to be alone or those who want to party will
both reject such a statement.
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(e.g., items may need to be pruned if the Rasch model is to be used [Wu and
Adams, 2013]). If it does, then I think—agreeing with others [Elson et al.,
2023] that increased reuse of psychological measures is an important scientific
aim—researchers can greatly increase the usability of their work by
codifying their findings in an item bank. In Section 3.2, I further discuss
item banking (i.e., the codification of what is known from study of G1) before
then discussing their use to solve common measurement problems.

3.2 The joys of item banking

An item bank is a database containing both information about the item as well
as information about its parameters (e.g., estimates of bj from Eqn 1). I will
emphasize the affordances of an item bank for a measurement program and
leave additional technical considerations, especially germane for higher-stakes
or larger-scale use, for others [Vale, 2006]. Item banks can be tightly-held
internal resources. For example, when items from the banks used in high-
stakes standardized testing situations like the SAT are exposed, this can lead
to real problems. In other scenarios, the item banks can be shared publicly (as
in Section 5). Such resharing will be appropriate for many low-stakes measures
used in developmental psychology and integral to subsequent research and
practice.

How are item banks developed? Typical research projects in psychology
collect data and then use the same data to study both the measure and the
respondents. To understand an item bank, it may be helpful to distinguish
between data collection done for the purpose of understanding items versus
the purpose of understanding respondents. With a calibrated item bank, one is
treating the items as fully understood and subsequent data collection will focus
purely on delivering information about respondents. This, of course, hinges
on data collection first being undertaken for the purpose of understanding the
items (i.e., the work done with group G1 above). This initial data collection
allows for identification of item parameters. Subsequent work then uses this
fixed item functioning to understanding respondents (i.e., estimation of θi).

Item banks are a valuable organizing structure in ongoing measurement
systems. As with any structure, they require maintenance. Some items may
need to be edited or removed over time. Editing items, or even introducing
new items to the bank, will require approaches for getting updated parameter
estimates that can be stored in the item bank Ren et al. [2017]. In high-
stakes settings, knowledge of the items in the bank can lead to inflated scores.
Changes to item parameters over time are known as ‘drift’ [Bock et al., 1988]
and need to be managed. A related issue is management of ‘exposure control’
so that certain items are not overused in adaptive testing scenarios [Van der
Linden and Choi, 2020]. Finally, when collecting data to establish an item
bank, care must be taken so that practice or order effects don’t influence
parameter estimates. This can typically be done by giving items in varying
order to respondents.
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Suggestions for reporting on new measures in developmental psy-
chology

Given the increased importance of open science practices in psychology,
the following approaches to reporting on novel measures in developmental
psychology may help increase reuse of such measures. Researchers should:

1. Offer a complete description of each and every item.

2. Report on item functioning using both descriptive statistics but also
parameter estimates from statistical models (e.g., using something
akin to Eqn 1).

3. If possible, release response-level data. This will allow subsequent re-
searchers to investigate measurement invariance and also to fit other
measurement models of interest.

4 Item-based solutions to common measure-

ment challenges

4.1 Measurement invariance

Measurement invariance [Millsap, 2012] implies that Eqn 1 governs response
behavior irrespective of whether respondent i is in G1 or G2. Merely building
an item bank won’t ensure that measures are invariant but, rather, an item
bank makes assessment of measurement invariance an empirical question that
can be scrutinized. Violations of measurement invariance are a fundamental
threat to the validity of a given measure if it is to be applied broadly [Joint
Committee on the Standards for Educational and Psychological Testing, 2014]
as such violations can be closely tied to the issue of fairness [Camilli, 2006]. In
particular, construct-irrelevant variance in measurement outcomes that are as-
sociated with some other feature of the respondent are particularly concerning.
Analysis of invariance is common practice with standarized tests in education
but perhaps less so in psychology more generally [Maassen et al., 2023]. Below,
I discuss several issues germane to such investigations. Measure-

ment
invari-
ance:
Consistent
functioning
of a mea-
surement
instrument
across
contexts.

There are a number of ways in which measurement invariance may be vi-
olated. We focus on a common and particularly concerning violation of mea-
surement invariance: the difficulty bj does not accurately describe the difficulty
in both groups of respondents (i.e., uniform differential item functioning). A
visual depiction is shown in the top panel on right side of Figure 1; the two
curves represent differential functioning of the same item for two groups. Re-
spondents from the blue group have a uniformly more challenging time on
this item conditional on ability (i.e., for a fixed point on the x-axis, the blue
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curve is always lower). This is a violation of the assumption that θi is the only
person-level attribute that is impacting performance on xij as, clearly, group
membership also matters.

Suppose we are assembling a set of words to measure a child’s capacity for
language (by seeing whether they can produce them when given appropriate
stimuli). Consider the word ‘horse’. If G1 is US children, Wordbank [Frank
et al., 2017] norms suggest that roughly 70% of children will know this word
at 24 months (this percentage is related to the value of bj). However, there
is substantial global variation in the proportion of 24 month olds who know
this word: just over 50% of the children in Russia or Argentina would be
expected to know ‘horse’ as compared to 90% of the children in Beijing or the
Netherlands. ‘Horse‘ is just one word out of many that we could use to assess
a child’s knowledge of language and the degree to which children know it will
vary as a function of (presumably) their cultural context and the nature of
that word in their language (e.g., is it especially long or hard to pronounce?
are horses common in their culture?).

Variation in the relative difficulty of a word across groups will lead to
between-group variation in bj that is a violation of measurement invariance.
The violation of invariance in this example hinges on the assumption that
‘horse’ is an idiosyncratic indicator of the attribute that we are aiming to mea-
sure rather than its essential feature. As a contrast, if we were asking about the
proportion of children aged 2y greater than 80cm in stature, between-country
variation in this proportion is not indicative of a problem with how length is
measured given that there is no ambiguity about the essence of the thing we
are aiming to measure.4 Note that I have described only a relatively straight-
forward type of invariance focusing on item difficulty but other violations of
invariance also exist.5

The above tacitly assumes that variation in knowledge of ‘horse’ is not in-
dicative of broader language-development differences between cultures and is
instead word-specific (i.e., I am comfortable assuming that children at 2y have
similar language abilities in most places). We will often be explicitly interested
in item-level differences in functioning with groups for whom there are overall
performance differentials and such an assumption would not hold. How do
we detect measurement invariance when we cannot rely on this assumption?
The key is to identify something that is invariant between the groups. If, for
example, the groups are formed by random assignment we can assume that
the distribution of respondent abilities are equivalent. This may be viable
in studies of mode effects where random assignment to assessment modality
is possible [Domingue et al., 2023] but is impractical for groupings based on

4Although, even with anthropometric measures, cross-cultural comparisons can be
fraught [Borghi and Sachdev, 2024].

5In applications of IRT approaches, uniform and nonuniform DIF are considered when
dealing with dichotomous items [Camilli, 2006] and matters are more complex with polyto-
mous items. In SEM analyses, there is a separate typology of violations in widespread use
[Putnick and Bornstein, 2016].
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(nonrandom) features of a person. More typically, some set of items must be
identified that function equivalently. A common approach is, when studying
one item, to assume invariance amongst all others. This is a non-trivial as-
sumption and recent work has advanced novel approaches for selecting more
refined subsets [Halpin, 2024, Belzak and Bauer, 2020]. Having first identified
an invariant feature, statistical approaches are then used to examine whether
group membership is leading to a variation in measure functioning (for us,
Eqn 1). A variety of approaches [Camilli, 2006, Section 7] and software tools
[Magis et al., 2010] exist for conducting such analyses.

When measurement invariance is found not to hold, caution is merited. If
the groups G1 and G2 are, for example, based on respondent age, then evidence
for noninvariance may be evidence that the nature of the construct is changing
as respondents age. One can also observe shifts in the nature of the construct
for those who receive treatment in a randomized trial [Gilbert et al., 2025]. In
educational measurement, it is common to remove items that exhibit bias (in
the sense of DIF). As one example of a common problem related to a failure of
invariance, complex language used in math problems on academic assessments
can lead to differential item functioning for respondents assessed in their non-
native language [Buono and Jang, 2021, Solano-Flores et al., 2013]. Whether
such items should be included then becomes a question related to the desired
inference: if the assessment is meant to purely assess math ability and the
word problems are nonessential, such items should likely be removed whereas
if interest is in the performance of mathematical computations in context the
question is more difficult.

Researchers should resist credulity and, when we are measuring psycho-
logical constructs across settings, should have a prior that invariance will not
hold as settings become more distinct. Observed violations may be useful
in helping to refine our understanding of the construct. But, they also offer
ripe opportunity for exercising humility. I close this section with a maxim I
have used while teaching and that may resonate with others: psychological
measures are a useful tool for understanding how people who start in similar
situations end up different. They are a terrible tool for understanding why
people who start in different situations don’t end up the same.

4.2 Equating

We frequently cannot give respondents the same items and yet we may want
their overall performance—in the form of θi estimates—to be comparable.
This can be a challenge. Suppose all we know is the the average response to
an item (see middle right of Figure 1). The red item is easier but when given
to lower-ability respondents produces the same overall level of accuracy as the
more difficult blue item given to higher-ability respondents. Thus, the average
alone cannot help us distinguish between item difficulty and respondent ability.
However, if we are using items drawn from a bank, this problem is effectively
solved as the item bank defines the ability scale via the item parameters.
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Obtaining comparable ability estimates across respondents irrespective of the
items is a benefit of using an item bank.

However, there are other quite common scenarios wherein respondents take
different sets of items prior to their calibration (i.e., an item bank is not yet
established) with the aim of putting scores on a comparable scale. This can
be done using ‘equating’ techniques which rely on probabilistic item response
models. Equating is fundamentally a design problem; once the appropriate
design is identified and used for data collection, the subsequent analytic tech-
niques are typically straightforward. Given this, I will briefly discuss some
general principles for equating and a straightforward equating design (a broad
array of designs exists, see Kolen and Brennan [2013]). Equating:

The act of
mapping
disparate
scores onto
a common
scale.

Supposing that a set of items—such sets of items are typically described as
‘forms’—has been given to students in group G1, the question at-hand pertains
to how responses to a different form can be collected from students in G2 such
that estimates for respondents from each group are comparable.6 We shall
suppose that groups G1 and G2 are nonequivalent (the key ideas are also then
readily applied to the simpler case of randomly equivalent groups and, in that
simplified case, ideas related to ‘observed score equating’ [Livingston, 2014]
apply). Speaking generally, these techniques will be safer when the groups G1

and G2 are ‘nearly equivalent’. A common application in education pertains
to linking end-of-year standardized assessment scores across grade levels. For
many reasons (e.g., some items may not be developmentally appropriate, there
are different content standards at each grade-level), we desire to give students
of different ages somewhat different items. Usage of appropriate equating
techniques—typically referred to as ‘vertical equating’ in this scenario—to
make scores between grade 3 and 4 students is one thing, trying to make
scores comparable between grade 3 and 10 students another.

Let’s consider the specifics of what an equating provides and some general
principles for when it can be done. Suppose that a person from G1 responded
to a specific form and got a score of y1 (i.e., their estimate of θi which may
have been linearly transformed). An equating is a map that tells us what the
equivalent score from the G2 form would have been; let us call this map f and
suppose that fpy1q “ y2. There are many potential ways of producing such
a map. Regression, for example, could be used to construct such a map with
suitable data. However, equating maps are required to be symmetric (to avoid
regression to the mean) such that the map of scores from G2 to G1 should
be the inverse of f . There are other requirements on both the forms and the
groups G1 and G2 that may be relevant but one additional requirement merits
emphasis: it should be a matter of indifference to the examinee which form
they encounter (see Section 13.2 in Lord [1980]). There is intuitive appeal in
this rule. For example, if measurement error for scores in G1 are twice as big

6There are several terms (e.g., equating, linking) used for the general activity of putting
scores onto the same scale. These terms are meant to cover somewhat different scenarios
[Kolen and Brennan, 2013].
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as for scores in G2, then this principle is violated.
The key idea is that there should be some overlap between the items that

the two groups receive. Let us suppose that the overlapping items are J˚; these
are known as the ‘anchor’ or ‘common’ items (the approach is often described
as ‘non-equivalent groups with anchor test’ or NEAT). Everything will hinge
on the items in J˚. Roughly speaking, we want items that span as much of
the construct as is appropriate given the nature of G1 and G2. If a certain
developmental task is emphasized in the curriculum received for those in G2

but not in G1, then items focused on such tasks will likely not be considered for
inclusion in J˚ given that they are inappropriate for G1 students but this is a
limitation of the equating that we must then consider. A second consideration
pertains to the number of common items. Conventional guidance [Budescu,
1985] suggests that 20% of a form be anchor items (up to 20 items in the case
of longer forms) but simulation studies tuned to specific conditions can also
help inform design (less overlap may be appropriate for lower-stakes use).

Having collected data from respondents in G1 to their items and respon-
dents in G2 to theirs, what next? We will leverage the fact that response-level
missingness can be ignored in estimation of IRT parameters. If response-
level data from both groups are available, they can be combined into a single
response matrix (that will have some structural missingness) and estimation
can proceed using multiple group ‘concurrent calibration’ [Bock and Zimowski,
1997]. This approach is straightforward given that it is effectively just standard
estimation of the parameters for an item response model. When response-level
data is available for equating, it is the approach I would recommend (and its
robustness can be assessed via application of parameter-based equating de-
scribed below if needed). Indeed, concurrent calibration can be used in cases
wherein data are collected such that each respondent sees a unique list of
items—suppose that each of 1000 respondents gets a random list of 20 items
chosen from a bank of 50 items—so long as there is overlap in these lists across
respondents. This approach does depend on having response-level data avail-
able. If response-level data is not available, one can produce equatings using
item parameter estimates via alternative techniques [Stocking and Lord, 1983].

4.3 Adaptive Testing

One of the most appealing features of an item bank is that it can reduce
the response burden by ‘adapting’ the sequence of items to the respondent so
that information is collected efficiently (see bottom right of Figure 1). For
respondents with abilities θ1 and θ2, we would be interested in their responses
to this item given that their ability differences manifest as more distinctly
different expected responses (on the y-axis) given the difficulty of this item.
If given to respondents with abilities θ3 and θ4, this item will not be able
to differentiate between them as the expected responses are nearly identical.
Another item—specifically an item with greater difficulty—would be more
suitable for comparison of these respondents.
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Given that time with respondents is often the most precious resource, ef-
ficiency is important. Adaptation—typically described as ‘computer adaptive
tests’ or CATs [Chang, 2015]—works by identifying the item that will be most
valuable for improving our understanding of respondent ability given a pro-
visional ability estimate based on their previous responses. Harkening back
to our earlier discussion of the word ‘horse’, by 48 months we can anticipate
nearly all children will know this word and thus observing that an individual
child does will not be very informative about their ability. We would be mak-
ing more efficient use of limited time with respondents of this age by using
a word that is more carefully tailored to distinguishing between such respon-
dents. While there are a variety of specific approaches for deciding amongst
the items in the bank, the basic idea is to choose an item whose difficulty bj
is relatively close to the current estimate of ability pθ˚

i (where the ˚ empha-
sizes that this is a provisional estimate). Practically speaking, the differences
between the various approaches to item selection are marginal compared to
moving from fixed to adaptive testing approaches in the first place. CATs rely
on computers but, even in simpler settings, the relevant ideas can be used to
tailor fixed ‘short’ forms if necessary.

What kinds of efficiency gains can we expect? As a specific example,
we used adaptive approaches to streamline delivery of lexical decision tasks
in the context of a reading screener [Ma et al., 2025b]. With an adaptive
assessment, we were able to achieve a reliability of 0.9 after administering only
75 items versus 125 required for randomly delivered items. The increased usage
of digital devices for measure administration and the availability of software
[Chalmers, 2016, Magis and Râıche, 2012] through which CAT approaches can
be deployed make incorporation of adaptive testing ideas into psychological
measurement an appealing proposition!

4.4 Additional Caveats and Considerations

The one parameter IRT (Rasch) model described by Eqn 1 is used for purposes
of clarity; I now discuss alternatives to Eqn 1 and how their use may require
modification of the above commentary. Suppose that xij is scored in more
than two categories. When xij is polytomous, there are a range of appropriate
IRT models [Tutz, 2020]. When responses are scored in K categories, such
approaches focus on modeling Prpxij “ k|θiq for k P t0, ..., K´1u. Approaches
for studying measurement invariance and equating are possible but are more
complex given that such models typically utilize more parameters [Nering and
Ostini, 2011]. Despite these complexities, the key ideas emphasized here persist
whether xij is dichotomous or polytomous given that they are premised on
similar usage of probabilistic models.

A separate consideration pertains to whether the individual-level construct
in question is unidimensional or multidimensional. Multidimensional approaches
are available [Reckase, 2006] but I argue that, to the extent possible, measure-
ment should be done with unidimensional constructs. My perspective is that
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more refined systems of measurement focus on one thing at a time. When
one goes to the doctor, they measure height and weight rather than the more
amorphous ‘size’ used for production of cheap clothes (indeed, even more be-
spoke apparel options typically rely on a a range of unidimensional measures).
While I think the intuition behind this is straightforward I realize that this is
advice counter to the tradition in psychology related to the use of factor anal-
ysis tools for analysis of multidimensional data. In my idealized view, factor
analysis tools—along with other approaches to understanding the dimension-
ality of a set of item responses [Stout, 1987, Buja and Eyuboglu, 1992]—could
be used to parse attributes into their constituent parts which can then be
measured separately. Developmental science can then focus on measuring uni-
dimensional attributes and using the resulting measures to understand their
interrelationships.7 For an example along these lines, consider Figure 5 in
Kachergis et al. [2025].

In the factor analysis or structural equation modeling traditions (I’ll refer
to these collectively as factor analysis), the goal is modeling the covariance
matrix (consisting of elements covpx¨j, x¨j1q) rather than the item responses xij.
While there are mathematical connections between these approaches [Takane
and De Leeuw, 1987], there are also some distinctions. The factor analytic
tradition tends to emphasize multidimensional analysis. As noted, I prefer
attempts to separately measure and model each dimension. Factor analysis
also tends to treat responses xij as normally distributed which is frequently not
the case; while this might be an acceptable approximation [Rhemtulla et al.,
2012] in some scenarios, I worry that it is suboptimal for item banking. There
is also a separate tradition of measurement invariance invoked in the factor
analysis literature [Putnick and Bornstein, 2016]. IRT and factor analysis have
relative strengths and weaknesses that perhaps suggest a sequencing of how
they can be most effectively used. Exploratory work can be done using factor
analysis to decompose complex attributes into distinct dimensions. Research
can then build an appropriate probabilistic model that accounts for specifics of
the response (e.g., these models are specific to the distribution of the response
rather than being normal approximations). Such probabilistic models, being
tailored to the response’s distribution, allow for stringent empirical testing and
more coherent item banking.

4.5 A quick summary

Let’s rapidly review how an item bank built on probabilistic item response
models can help resolve common measurement problems. The probabilistic
model itself is falsifiable and allows for robust interrogation of whether it is
an appropriate description of data. One particularly critical interrogation in
this mode pertains to invariant functioning across groups; there are a range

7We can also consider differences between predictions of multidimensional and unidimen-
sional models; they may be less pronounced than anticipated [Domingue et al., 2024].
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of approaches that can be used to examine whether measurement invariance
holds. Once affirmative empirical support exists for these propositions, the
item bank can then be used to generate respondent estimates that are compa-
rable across settings. Items drawn from the bank can be given in fixed form or,
when respondent time is constrained, adaptively. Resulting ability estimates
are always comparable as they are on the scale defined by the item parame-
ters. When building item banks, probabilistic models are valuable tools for
coherent understanding (via equating techniques) of responses generated via
the use of different forms. These techniques offer efficient solutions to many
of the most common measurement challenges faced in real-world settings and
can be readily deployed to improve the practice of psychological measurement
in a range of scenarios.

5 Examples

I will now discuss three measurement projects of relevance for developmental
psychology with the goal of showcasing how they are using item-level under-
standing to address practical measurement problems. As appropriate, I will
identify key challenges for such measurement systems with the aim of empha-
sizing the difficulties associated with developing such systems. Each of these
systems is effectively developing an item bank which can be used to generate
information on age-related change in the measured attributes. They all of-
fer excellent opportunities for reuse (in the spirit of Elson et al. [2023]) given
the extensive work that went into initially developing and calibrating these
instruments.

5.1 NIH Baby Toolbox

The NIH Infant and Toddler Toolbox [Gershon et al., 2024] aims to measure
neurodevelopment in young children (1–3.5y). It is similar to the widely-used
NIH Toolbox [Gershon et al., 2013] which applies to older children. There are
over 30 measures in the Baby Toolbox covering function in the domains of
cognition, motor control, and social-emotional. It is focused on US children
and is available in English and Spanish.

5.1.1 Norms based on a representative sample

Collecting data from a representative sample is costly in terms of time and
money. Under assumptions of parameter invariance, it will not necessarily im-
prove parameter estimates (although it will increase confidence that estimates
are not varying across population subgroups) as compared to those derived
from convenience samples. Given these facts, most psychological measures
are built using data from convenience samples. The NIH Infant and Toddler
Toolbox is a notable exception as it was calibrated based on a representative
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sample of roughly 2500 children. While expensive, such samples are imperative
if the goal is to understand the full distribution of developmental outcomes
(i.e., norming).

Recruitment of a representative sample allows for calculation of age norms
for the constructs. The aim is to offer context for the performance of a given
child (e.g., given their age, this child’s language skills are at the 70th percentile
relative to some specific population). Given that a variety of measures in use
in the Toolbox may be relevant for a broader construct (e.g., expressive and
receptive vocabulary may both be relevant for understanding the development
of language abilities), they combine information across measures to construct
composite scores representative of a broader domain [Han et al., 2025b]. Age-
related growth in these composites can be observed (see Figure 4 in Han et al.
[2025a]); relatively little growth is observed for negative affect and self regu-
lation as compared to the other measures. This approach wherein data from
several measures is combined so that age-related changes can be studied will
again appear when we discuss D-scores.

5.1.2 Considerations of statistical power

A second noteworthy feature of the Toolbox’s calibration sample is their fo-
cus on a well-powered sample. Power considerations are a critical element
in intervention studies; in measurement-related projects, they tend to play a
less formal role. Given their interest in identifying developmental delays, the
investigators considered a power analysis based on assumptions about a hy-
pothetical measurement instrument (e.g., 75 items) being used to differentiate
respondents in the left tail of the distribution. A calibration sample of 1000
respondents would have been sufficient for obtaining relatively accurate esti-
mates around the average but would have produced relatively noisy estimates
three SDs from the average; such considerations led to a desired sample size of
around 2500 respondents. This focus on a well-powered representative sample
is noteworthy; while the representative sample is probably outside what most
research teams can achieve, a consideration of the power necessary for high-
quality measurement is a practice that could be in more widespread use and
is consistent with a broader interest in using power calculations to benchmark
accuracy in parameter estimates [Maxwell et al., 2008].

5.2 LEVANTE

LEVANTE [Frank et al., 2025, Kachergis et al., 2025] is a measurement sys-
tem focused on older children (2–12y). It is a suite of measures meant to be
adapted to diverse settings. Pilot data were collected in Colombia, Canada,
and Germany with new data being collected in additional countries in an on-
going fashion. LEVANTE contains both child direct assessments and caregiver
reports; I will discuss the former.
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5.2.1 Integration with Open Science

LEVANTE is designed to be consistent with open-science practices. While
much of these details are not directly related to measurement, I do they
think are worth noting especially given my interest in warehousing such data
[Domingue et al., 2025]. The LEVANTE systems is structured such that de-
identified data are available via permissive licensing terms in a centralized
repository. This encourages both replication of original findings and reuse of
data for novel investigations.

5.2.2 Measurement invariance

A key goal of LEVANTE is understanding variability in learning across a range
of settings. Such work must grapple with a fundamental challenge as it necessi-
tates having measures that function equivalently across settings. Absent that,
claims regarding relative variation between sites would be meaningless. We
thus require strong evidence regarding measurement invariance. This funda-
mental tension—trying to conduct measurement in a way that yields compara-
ble measures across sites when possible but also being aware of the associated
challenges and responsive to the fact that not all tasks will allow for such
invariance—has been at the heart of the LEVANTE project.

As an illustration of the variation in task invariance, let us consider the
LEVANTE instantiations of a Sentence Understanding task—based on the
Test for Reception of Grammar (TROG; [Bishop, 1983]) which involves a child
selecting a picture that matches a sentence which has been read aloud—and
Vocabulary task—where a respondent matches a picture with a spoken word
[Yeatman et al., 2021]—in the Colombian (N “ 368 for sentence understand-
ing and N “ 181 for Vocabulary) and German samples (N “ 259 for sentence
understanding and N “ 264 for Vocabulary).8 To make things straightfor-
ward, we consider the raw proportions correct (i.e., Ďx¨j) for items across both
samples (these Ďx¨j are closely related to item difficulty bj in Eqn 1). In the ag-
gregate, the sentence understanding items that are difficult in one sample are
expected to be difficult in the other (as measurement invariance would suggest)
with a correlation being average proportions of 0.84. However, for Vocabulary,
we only observe a correlation of 0.41 suggesting much weaker consistency in
task difficulty. As a specific example, 33% of Colombian respondents identify
’tapestry’ versus 79% in Germany. As with our discussion of ‘horse’ in Sec-
tion 4.1, this is likely due to differences in the role of different words across
the languages. While this is a simple descriptive analysis, it is indicative of
a potent difference of the invariance of these instrument across contexts (see
also Table 6 of Kachergis et al. [2025]).

What are the operational implications? In my view, these results offer
some hope that the Sentence Understanding item parameters may be treated

8You can experiment with these tasks here: https://researcher.levante-network.

org/measures.
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as invariant across these groups thus allowing for between-group comparisons
to be made. That said, differences in item performance can be monitored and
investigated as to whether further refinements (e.g., removing items that seem
to exhibit variation in function) lead to improved performance. Vocabulary,
on the other hand, may require group-specific item parameters which will limit
subsequent attempts to draw between-group comparisons. That’s not to say
that there is nothing to learn about between-group comparison of vocabulary—
see Chapter 5 of [Frank et al., 2021]—but rather that comparisons must be
made carefully and depending on specific words may be highly misleading.

5.3 D-score

The D-score [Weber et al., 2019] is designed to depict development across a
range of international settings on a unidimensional interval scale for young
children (ă 36 months). While development of LEVANTE and the NIH Tool-
box involved novel primary data collection, the D-score approach focused on
building an item bank that links measures from different studies. The em-
phasis on unidimensionality is also in contrast to both the NIH Toolbox and
LEVANTE. There are reasons we may want to have both fine-grained (as in
the Toolbox) and more coarse measures of development. The Toolbox can
be used as a diagnostic to better understand the developmental profile of a
single child; its granularity will be useful in helping to identify specific ar-
eas of concern that may require intervention. Note that this granularity also
comes at the price of contextual specificity (e.g., the Toolbox is only available
in two languages). In contrast, the D-score can be rapidly used in a number
of settings as a surveillance tool for understanding, for example, patterns of
development that may be affected by policy changes.

5.3.1 Equating

At its heart, this is a large equating study which uses data from 16 longitudinal
studies to create the D-score scale. How did this work? After some filtering,
the authors are focusing on 565 items from the 16 studies which are taken from
11 instruments. Qualitative evaluation of the items yielded 95 ‘equate groups’
which are groups of items that are effectively identical across instruments (e.g.,
‘stacks 2 cubes’ in one instrument being in the same equate group as ‘builds
2 block tower’ in another). Additional evaluation (e.g., fit with the relevant
item response model) reduced this to 18 active equate groups. Items within
active equate group are considered to be common (or anchor) items across the
instruments/cohorts. Specifically this means that item parameters—and they
use the Rasch model in this analysis—are treated as equivalent for items within
an equate group. The existence of responses from across studies to the common
items allows for the mapping of results from all studies onto a common scale.
The quality of this mapping hinges on assuming that these common items are
representative of the full item set and that the the items in the active equate
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groups are invariant across the contexts covered by the various studies (as well
as in future/unobserved contexts given that they advocate for usage of the
D-score scale in work moving forward).

5.3.2 Interval scale

The D-score is designed to represent an interval scale. Let us first discuss the
unit. Scale values of 20 and 40 are fixed for a child being able to lift head
to 45 degrees from the prone position and sitting in a stable position without
support respectively. As a consequence, D-scores are near zero at one month
and expected to increase by one unit each week (thus being around 44 when
a child is 1y). Development slows in the second year; during this period, one
unit increases are expected every month [Weber et al., 2019, p. 5-6]. Is the
scale interval in the sense that, say, a D-score growth from 5 to 10 represent
the same change in ‘development’ as growth from 65 to 70? It is difficult to
be sure; the authors do examine consistency with the Rasch model but the
Rasch ideal is not likely to be met and it is unclear what the implications of
departures from the strong assumptions of the Rasch model are in terms of
the resulting scale.

Where does this leave us? This is a theme that I will return to in the
discussion but I make one observation here. Whatever the properties of the
D-score scale, development also takes place across time. There is no ambiguity
about time being intervally scaled. The authors make use of this to motivate
the selection of unit—perhaps similar to the ‘anchoring’ approach used in
economics [Cunha and Heckman, 2008]—but one could imagine extending this
process to yield a ‘developmental age’ that instead places a child at some
hypothesized age based on their observed capacities in a manner similar to
the ‘epigenetic age’ [Duan et al., 2022] developed for aging research.

6 Discussion

Ideas of growth and change are at the heart of studies of human develop-
ment and observations of such phenomena ultimately hinge on systems of
measurement. While children develop physically, much of the key informa-
tion for understanding subsequent well-being is psychological. Studies of child
development thus necessitate psychological measures. I have tried to offer
an overview of key ideas and principles relevant to such measures and have
emphasized the utility of item banks as a shortcut to faster, more effective
psychological measurement. The three empirical examples—the NIH Baby
Toolbox, LEVANTE, and D-scores—are potentially useful exemplars of item
banks that could be used to study a diverse array of attributes relevant across
varying contextual ranges and ages. They are also designed for reuse. Given
that I think developmental research may benefit from an increased emphasis on
building item banks, I offered some specific suggestions for reporting on new
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measurement approaches above. Below I emphasize several key points that
might be relevant for researchers considering the design and usage of psycho-
logical measures before then turning to a discussion of some more challenging
conceptual matters.

SUMMARY POINTS

1. Development of an item bank can help to resolve many measurement
challenges. A functioning item bank will allow new respondents to be
placed onto the same score scale as prior respondents which ensures
comparability across time (under assumptions that item functioning
is temporally invariant).

2. One key benefit of an item bank is that it can be utilized to facili-
tate adaptive testing. Adaptive testing can greatly reduce the time
burden placed on respondents without sacrificing measurement pre-
cision.

3. Equating studies can be used to allow for comparability between
scores produced via different forms. Use of ‘common item’ designs
can be valuable in allowing for comparability between outcomes from
two different measures that have some degree of overlap (i.e., the
common items). Item banking also enables form construction using
previously-established item parameters and thus eliminates the need
for equating following data collection.

4. Measurement in heterogeneous samples is hard and concerns regard-
ing measurement invariance should be at the forefront. These issues
need to be managed proactively and, when serious, may necessitate
separate scoring of respondents from different contexts or even re-
conceptualization of the measure. Item banks with information de-
rived from one sample need to be scrutinized for invariance before
they are used in diverse samples.

5. Measurement of physical attributes is a gold standard towards which
measurement of psychological attributes can strive. We can rely on
the features of physical measurement to help us identify desiderata
of our systems for psychological measurement and we need to be
sensitive about implications of failing to meet this standard.

I close with a final discussion on three important but contentious consider-
ations starting with my claim that developmental psychology should attempt,
when possible, to separately measure distinct unidimensional attributes, and
then study their interplay, rather than working directly with multidimensional
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measures. I suggest that researchers first identify attributes that can be sepa-
rately measured via unidimensional scales and to subsequently use those scales
to understand interplay between attributes rather than directly through the
items. What is my rationale? I anticipate that much multidimensionality is
‘between-item’ rather than ‘within-item’. When this is the case, we can more
effectively study the intricacies of development across attributes based on co-
herent unidimensional measures rather than a bunch of items that needlessly
tap multiple attributes.9 Situations where we have to manage within-item
multidimensionality will exist and may raise intriguing questions about the
nature of the construct but should not be the goal of measure design.

Supposing that we can work with unidimensional measures, should we con-
sider them as intervally scaled? Interval scaling should be a goal rather than
an assumption. As in other scientific disciplines, we should be striving to build
intervally scaled measures. Consider temperature: interval measures of tem-
perature are a byproduct of a long sequence of scientific discoveries [Sherry,
2011]. Interval scales do not come easily! Our starting point should be one
of curiosity about the structure of the attribute and whether this structure
allows for interval measures. We should be in the business of hypothesizing
that interval measures are possible for some attribute and then working to
stringently test such a hypothesis; such testing can take the form of assess-
ing the appropriateness of a specific item response model (especially relevant
when working within the constraints of the Rasch models). Attributes that
do not (yet?) allow for interval measurement will, of course, be identified and
analyses that assess subsequent sensitivity of results would be required [Bal-
lou, 2009]. Development of interval measures may be challenging but, as in
other scientific fields, limitations of our measurement systems should be con-
sidered as fundamental limitations on our ability to understand the attributes
of interest.

Let us end with validity. Debates about validity are long-standing and I
think that the particular debate about the role of measurement ‘uses’ and the
degree to which assessments of validity should hinge on such uses is intractable
(and, frankly, perhaps telling of fundamental difference between lower-stakes
psychological measures and higher-stakes educational measures). I shall leave
be the Gordian knot at the heart of this debate and instead encourage a
focus on psychological measurement as measurement. A heightened scrutiny
on the predictive accuracy of the relevant measurement models and whether
we can exert precise control over that accuracy by changing features of items,

9We can (and do) separately measure height and weight as kids develop and use those
measures to understand physical growth. Imagine that, instead, we used longitudinal in-
formation from a bunch of different indicators that pooled information about overall body
size—Does the child fit in 3 month clothes? Do you have a hard time fitting their head
through neck of shirts? What is their shoe size? What size car seat do they require?—
and tried to base our understanding of their length and mass on that. The shortcomings
of such an approach are apparent yet this is what we are often doing with psychological
measurement.
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for example, will push psychological measurement in interesting directions.
More generally, focused scrutiny on the relevant developmental changes that
can be assessed by a measure, the degree to which performance of a measure
is invariant across context, establishment of item banks that allow for more
rapid data collection for vetted measures: these are problems that can be
addressed using some of the tools discussed here and from which even partial
improvements will benefit developmental psychology.
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