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Q

UANTITATIVE RESEARCH DEPENDS ON THE USE OF
measures to collect data that reﬂect well the phenomena of interest; that is, that are valid. Demonstrating that measures are valid requires studies
that are speciﬁcally designed to determine the extent to
which measures reﬂect the phenomena of interest. The
process of validation is essential in selecting measures
appropriate for quantitative research, understanding the
current limitations in measures, and determining where
further research or development is needed. Five problems
are common in current validation studies. First, there is lack
of clarity about terms used to describe and analyze

The Continuing Professional Education (CPE) quiz for this article is available
for free to Academy members through the MyCDRGo app (available for iOS
and Android devices) and through www.jandonline.org (click on “CPE” in the
menu and then “Academy Journal CPE Articles”). Log in with your Academy
of Nutrition and Dietetics or Commission on Dietetic Registration username
and password, click “Journal Article Quiz” on the next page, then click the
“Additional Journal CPE quizzes” button to view a list of available quizzes.
Non-members may take CPE quizzes by sending a request to journal@
eatright.org. There is a fee of $45 per quiz (includes quiz and copy of article)
for non-member Journal CPE. CPE quizzes are valid for 1 year after the issue
date in which the articles are published.

ª 2019 by the Academy of Nutrition and Dietetics.

validation studies. Second, this lack of clarity is partly
because two different conceptual systems of validation are
used in the ﬁeld of nutrition science. Third, the difference
between establishing validity of a measure and establishing
agreement between two measures is not always recognized,
leading to confusion and inconsistent interpretation across
validation studies. Fourth, proper procedures and principles
of validation are not always followed, leading to some
purported validations that do not actually validate measures. Fifth, the speciﬁc applications of the validated measures are often not speciﬁed; that is, the context and
purpose for which the measure is appropriate are not always stated, and it is often assumed that validation for one
purpose and in one context extends to another. Partly as a
consequence of these problems, attempts to develop better
measures are not as rigorous as they could be, limiting what
can be learned from them. Furthermore, for many studies or
topics, not having measures that are equivalent across
contexts (ie, locations or settings) makes comparisons
difﬁcult. This article explains the role of validity and crosscontext equivalence of measures and important related
concepts and clariﬁes principles and methods for establishing validity and equivalence across contexts.
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CONCEPTS AND ROLE OF VALIDITY AND
EQUIVALENCE ACROSS CONTEXTS
Measures and Indicators
A goal of quantitative research is to obtain data that can be
put to use by people in a position to make decisions. Data
generally are obtained and put to use through a series of six
steps: a method (eg, a 24-hour recall of dietary intake) employs a measurement process that yields a measure (eg, fat
intake in grams per day) that produces a measurement (ie, a
value of fat intake for a given person) that is used for a
particular purpose and context to make an inference,
conclusion, or result that leads to a decision. Although one
can think about validity as applicable to any of these six steps
(eg, validity of a method or validity of an inference), this
article focuses on the validity and cross-context equivalence
of measures and indicators.
Measures assign numbers to people or things to represent
the relative amounts of a property.1 For example, height is a
property of a child that can be measured, assigning a number
to a child. Multiple properties of an individual may be
measured that may differ by whether they are objective or
primarily or fully subjective, fundamentally unidimensional
or multidimensional, or vary over time (Figure 1).
Indicators are different from measures. Indicators reﬂect
the presence or absence of a given property. In social and
epidemiologic research on human beings in particular, indicators are important to describe populations. Indicators are
constructed by either deﬁning classes directly (eg, race and
ethnicity) or classifying values of a single measure or an index or scale calculated from multiple measures, with the
classiﬁcation based on degree or speciﬁc meaning.2 For
example, the height of a child is a measure, whereas whether
or not a child is stunted (ie, height below e2 standard deviations of the sex- and age-appropriate growth standard) is
an indicator. For an indicator to be useful, an understanding
of which values of a measure, index, or scale are considered
good (vs poor) is needed.3 Usefulness of an indicator also
depends on its relevance to purpose and context, absolute
and relative cost, conceptual and empirical comparability (ie,
equivalence), sensitivity to real differences and changes in
time, and credibility (ie, acceptance by those who will use the
indicator).4
Measures (and indicators) can be objective or subjective.
Objective means that the measure is external to the mind,
whereas subjective means that it emanates from the mind,
reﬂecting the thoughts (eg, memories and beliefs) and/or
feelings of a respondent. Differentiating these is not always
straightforward. For example, food insecurity may have a
subjective component (eg, how one experiences lack of food),
yet there is also an objective reality (eg, no food in the home
or a skipped meal). In contrast, psychologic traits, attitudes,
or moods are inherently subjective. For example, it may be
possible to observe behaviors that indicate depression, but
without report of depressed mood or loss of interest or
pleasure along with other criteria, which is subjective, a
person would not be considered to be depressed. Some other
behaviors or physical or social properties (eg, income) could
be measured objectively without the individual’s involvement (eg, by examining ﬁnancial records), but are often selfreported, which could have errors of memory, numeracy, or
even self-presentation manipulation. Furthermore, often a
1818
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Research Question: What principles and methods should be
used for establishing validity of measures and indicators and
their equivalence across contexts?
Key Findings: Studies aiming to provide evidence about the
validity of a measure need to clarify the purpose and context
for use of that measure; choose one of the two conceptual
systems for validation; obtain data to establish the extent to
which the measure is well constructed, reliable, and accurate;
and use analytic methods beyond simple correlations to
provide a basis for making reasoned judgment about
whether the measure provides useful analytic measurement
for the particular purpose(s) and context.
property is assumed to be unidimensional (ie, have one underlying construct), but some properties are inherently
multidimensional; eg, dietary intake can represent consumption of a complex array of foods and nutrients as well as
eating patterns and dietary behaviors. Also, some properties,
such as a blood type, are not expected to change over time,
but others, such as dietary intakes, often do vary over time.
In nutrition sciences, both objective and subjective measures (and indicators) are used. Physical examinations, for
example, can produce objective measures such as weight,
height, and body composition that can be observed. In
contrast, self-report dietary assessment instruments such as
24-hour recalls, food records, and food frequency questionnaires as well as household food insecurity questionnaires
produce measures that are subjective or include substantial
subjectivity. These measures result from the experience of
respondents as conveyed through psychological processes of
cognition (ie, memory and perception) and affect, and are
inﬂuenced by motivation. For assessment of dietary intake
over a 24-hour period through recall, for example, the dietary
intake that occurred during the 24-hour period theoretically
could have been objectively observed, but the recall of the
intake is subjective. One purpose of self-reported dietary
assessment is to measure usual intake, a construct that is
often latent; the true usual intake that exists is difﬁcult to
observe because intake generally varies day to day. The
experience of household food insecurity has been shown in
ethnographic studies to have multiple latent constructs (eg,
feelings of uncertainty and deprivation, social acceptability of
food access, quantity of food, and quality of food), but
commonly used experience-based measures of household or
individual food insecurity have been built assuming one
latent construct, not including items that would measure
each of the constructs (particularly deprivation and social
unacceptability).5

Validity
Validation is the process of determining whether a measure
or indicator is suitable for providing useful analytical measurement6 for a given purpose and context.7 A measure or
indicator is valid in the case that each of six criteria are met:
its construction is well grounded in theory; its performance is
consistent with that theory; it is precise, dependable, and
accurate7 within speciﬁed performance standards; and its
November 2019 Volume 119 Number 11
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Varies over
time?

Type

Deﬁnition

Example

Subjective?

Multidimensional?

Trait

Fundamental
characteristic that
describes someone’s
personality, cannot be
changed

Extraversion

Yes

No, not each trait, but
personality as a whole is

No

Attitude

Opinions; organization of
beliefs, feelings, and
behavioral tendencies
that have affective,
behavioral, and
cognitive components

Opinion
about
taste of
foods

Yes

Yes: belief, feelings,
behavioral tendencies

Yes

State

Moods

Depression

Yes

No, not each mood

Yes

Social
Standing

A person’s social
standing or class

Food
security

No

Yes

Yes

Knowledge

Information or awareness
acquired by an
individual

Reading
level

No

Possibly

Yes

Behavior

Way in which one acts or
interacts

Eating

No, but reporting
of it typically is

Yes, because they are
inherently linked with
time, but not at a
particular time, if we think
about “usual” as well

Yes

Physical or
biological
property

Sensory or biological
qualities

Height

No

Each is usually
unidimensional

Some do
(height),
some do
not (sex)

Figure 1. Properties of individuals that may be measured.
accuracy is attributable to the well-grounded theory for that
purpose and context.8 That is, a valid measure or indicator
will be well constructed and perform according to its construction; reliable (ie, precise and dependable); and accurate,
with accuracy that is attributable to the theory underlying
the construction.3 For example, the measure of household
food insecurity used in the United States has been shown to
be valid for estimating prevalence and differentiating
households because construction of the measure is well
grounded in understanding of food insecurity from ethnographic studies and its performance is consistent with that
understanding; the set of items used in the measure are
reliable (ie, internally consistent); and the measure accurately estimates prevalence of groups and differentiates
households, with the accuracy attributable to the wellgrounded understanding.8
Regarding the latter criteria, the terms precision, dependability, and accuracy are sometimes confused in the literature. Precision, also called technical error of measurement, is
the extent to which repeated measurements yield the same
value. Precision is achieved by careful measurement and
redundancy.8 Imprecision is usually considered to be random
error, and is estimated by conducting a testeretest exercise or
November 2019 Volume 119 Number 11

calculating internal consistency of a set of questionnaire
items.8 Precision may vary with the person being measured
(eg, some children ﬁdget more than others) and the person
doing the measuring (eg, some study staff are more consistent measurers than others).
Dependability, in contrast to precision, is the extent to
which differences in a measure consistently reﬂect actual
differences in the property.8 For example, in dietary
assessment using a 24-hour recall to measure usual intake,
day-to-day variation in dietary intake is a source of undependability. Undependability is usually considered random
error, although it can encompass systematic error, such as
the progressive shortening of adult height during the day
because of disc compression or progressive lower reporting
of intake across days in diet diaries. Dependability is achieved by understanding and avoiding the sources of
random or systematic error that are threats to it, and is
estimated by conducting a testeretest exercise with a
longer time between measurements than for estimating
imprecision.8 The time between measurements has to be
chosen carefully when natural or intervention-induced
changes may occur over time. Dependability may vary
with the person being measured, as has been shown for
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infant length.9 Taken together, precision and dependability
constitute reliability.
Accuracy is the extent to which a measure provides unbiased assessment of a property; that is, without systematic
error (ie, bias).8 Accuracy is achieved by construction of the
measure, which is based on well-grounded understanding of
the property. The term well grounded means that there is a
strong theoretical basis for why the measure is a reasonable
way of measuring the property of interest.8 Accuracy can be
demonstrated by in-depth analysis and by relating the measure to a criterion measure, which ideally would be a more
deﬁnitive measure; sometimes for demonstrating accuracy at
a group level, a determinant or consequence can be used as a
criterion measure. Demonstrating that accuracy is actually
due to the well-grounded understanding is important.
Otherwise, a measure that is only apparently accurate may be
useless. For example, the apparent accuracy of a measure of
lean body mass of small animals using total body electrical
conductivity was attributable to the measure’s relation to
total body weight and not to lean body mass as the developers of the instrument had assumed.10 Therefore, attribution of accuracy can only be achieved by careful study
design and availability of other measures and information,
and it is demonstrated by comparison with competing measures and examination of alternative explanations.8
Measures can be categorized according to a hierarchy of accuracy: deﬁnitive, reference, and ﬁeld (ie, routine).11 A deﬁnitive measure, sometimes called a gold-standard measure, relies
on ﬁrst principles (ie, the fundamental and self-evident basis)
to achieve high accuracy; that is, with little or no error, and it
reﬂects in a fundamental way the theoretical structure of the
property it purports to represent. A reference measure directly
and closely relates to the property of interest, but typically does
not reﬂect the fundamental theoretical structure of the property as closely as does a deﬁnitive measure. Ideally the accuracy
of a reference measure is demonstrated by comparison to a
deﬁnitive measure.11 A ﬁeld measure is usually fast, routine,
and inexpensive, requiring relatively unsophisticated personnel
and technology. Accuracy of a ﬁeld measure is often best
demonstrated by comparison to a reference measure (or
deﬁnitive measure when available).11 For example, in assessment of body composition, speciﬁcally the property of the
percentage of the body that is fat, deﬁnitive measures of the
composition of body tissues have come from cadaver studies.12
Reference measures include densitometry, potassium-40
counting, and dual-energy x-ray absorptiometry. Field measures include anthropometry (eg, weight, height, and skinfold
thicknesses), total body electrical conductivity, and bioelectrical
impedance.
Identifying deﬁnitive measures against which to establish
the accuracy of reference measures is a particular challenge
in dietary assessment. An example is a protocol in which
researchers observe what children eat at school on 1 day (ie,
a deﬁnitive measure) and then compare that with the children’s recall of what they ate on that day (ie, a reference or
ﬁeld measure). This comparison can be done for each food as
well as the child’s total diet.13 A body of research has been
conducted using recovery biomarkers as reference measures
of dietary intake, including doubly-labeled water for energy
intake, 24-hour urinary nitrogen for protein intake, and 24hour urinary potassium and sodium for intakes of these
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Level
Groups of
households
or people

Possible Purposes








Individual
households
or people







Estimation of prevalence (What is
the magnitude of the problem?)
Determination of causes and
consequences (Why are they
affected and what are effects?)
Early warning (When is action
needed?)
Targeting (Who will receive which
action?)
Monitoring (How is the situation
changing?)
Impact evaluation of programs
(Has the action made a
difference?)
Screening (Is the household or
individual at risk?)
Diagnosis of problem (Does the
household or individual have the
problem, and what are the salient
causes?)
Diagnosis of solution (What is the
most appropriate action?)
Monitoring (How is the situation
changing?)

Figure 2. Possible purposes of measures and indicators at
group and individual levels.2,3

elements.14 Doubly-labeled water and urinary biomarkers
might be deﬁnitive measures for the 7 to 14 days and 1 day,
respectively, that were speciﬁcally measured, but would be a
reference measure when used to assess intake for longer
periods.
In addition to providing evidence that the six criteria for
construction, reliability, and accuracy have been met, a claim
that a measure is valid must always include a statement
about the purpose and context of the measure because it can
be valid for one purpose (eg, estimating prevalence) but not
others (eg, estimating response to an intervention) and in one
context (eg, old adults in cities) but not others (eg, young
adults in rural areas). That is, validity is not inherent to a
measure; it refers to the suitability of a measure when used
for a particular purpose in a particular context.8 Possible
purposes can either be at the group or individual level
(Figure 2).2,3 For example, a single 24-hour recall taken on a
group of people may produce a valid estimate of mean usual
intake of food and nutrients of a group because random errors tend to cancel out, but not be useful in estimating the
usual intake of an individual because of random errors due to
imperfect memory (ie, imprecision) and day-to-day variation
(ie, undependability).
A conclusion about the validity of a measure is based on
judgment, in that validity is established by comparing the
performance of the measure being assessed to pre-
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established performance standards. The word validation is
sometimes used erroneously to mean either that something
has been established as truth even when it has not or that the
measure reﬂects the way that the world actually is. Validation
does not necessarily establish truth; instead, validation establishes legitimacy,15 although the word true is often used to
mean the measurement that would be obtained if using a
perfect measure.
Studies of agreement, reliability, and calibration are
commonly mislabeled as validations. Studies of agreement
compare one measure to another in cases in which neither
measure is expected to be more accurate than the other for
the property of interest; for example, usual intake measured
with a food frequency questionnaire compared with several
24-hour recalls.16 Agreement studies (also known as relative
validations) are common in dietary assessment, given that
measuring true usual intake over a prolonged period of time
is either difﬁcult or impossible to do. Studies of reliability can
only demonstrate that a measure gives similar results on two
different occasions; given that the true value may have
changed between occasions, reliability studies cannot determine validity. Studies of calibration bring one set of values
into line with another, generally by use of a regression
equation.17 Total body electrical conductivity, in which a
quantity reported by the machine is used to predict lean body
mass, provides an example of calibration.10 Furthermore, food
records or 24-hour dietary recalls for multiple days have been
used to calibrate dietary intake from food frequency
questionnaires.17

COMPARISON OF THE BIOMETRIC AND
PSYCHOMETRIC CONCEPTUAL SYSTEMS FOR
VALIDITY
The above deﬁnitions and explanations of validity come from
a biometric conceptual system used in the chemical and
biological sciences in which objective measures can be obtained.5 Another conceptual system to understand validity of
measures comes from psychometrics.16,18,19 Measuring social
and behavioral properties has been inﬂuenced by psychometrics; many social and behavioral assessments depend on
self-report, are subjective, and are not observable,16 although
there are exceptions (eg, accelerometers for physical activity).
Both conceptual systems are used in nutrition sciences,
which brings together the chemical and biological sciences
with the social and behavioral sciences. For example, validation of measures of household food insecurity often has
been conducted using the biometric conceptual system,
whereas validation of measures of dietary intake has most
often been conducted using the psychometric system.
The two conceptual systems, although different in some
ways, can be mapped to each other (Figure 3). The deﬁnition of
validity in the biometric conceptual system focuses on
whether measures can provide useful measurement for a
given purpose and context. The six criteria of validity refer to
the features of measures needed to achieve validity. Validity in
the psychometric conceptual system also focuses on whether a
measure “is useful scientiﬁcally”17 and “if it does what it is
intended to do”18; another deﬁnition is the extent to which a
measure yields the true scientiﬁc value free of errors, including
bias; that is, inaccuracy.19 In the psychometric system, there
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are several types of validity (see Figure 3) that correspond to
the major functions of psychological measures16,18 and
represent ways to demonstrate validity. “Reliability is a
necessary but not sufﬁcient condition for validity.”18

Equivalence Across Contexts
Equivalence here means that a measure performs consistently across contexts.21,22 Four types of cross-context
equivalence can be deﬁned: construct, item, measurement,
and scalar.3 Construct equivalence means that “the same
construct is measured across contexts, even if the measures
used are not identical”3; in this case, the constructs measured
are comparable. For example, the construct of food management strategies in response to household or individual
food insecurity is equivalent across contexts, but the items
needed to measure this construct will differ markedly across
contexts because the speciﬁc management strategies available and used depend on what is possible in the context. Item
equivalence means that the “same construct is measured
across contexts and the content of each item used is
perceived and interpreted in the same way across contexts”3;
in this case, the same items used across contexts mean, and
are interpreted, the same. For example, the nine items used to
assess household food insecurity in the Household Food
Insecurity Access Scale were developed to be item equivalent
across contexts.23 Measurement equivalence means that the
“constructs, items, and units are the same across contexts (ie,
the difference in scores between two individuals means the
same across contexts)”3; in this case, the order of households
or individuals is comparable across contexts. Scalar equivalence means the “same as measurement equivalence, but in
addition the deﬁnition of zero is the same across contexts”3;
in this case, average scores and prevalence values are comparable. For example, only three of the nine items in the
Household Food Insecurity Access Scale that assess hunger
are scalar equivalent.24 Scalar equivalence is ideal because
scores can be meaningfully added and subtracted, and the
scores of a given measure and prevalence of an indicator
across contexts are directly comparable. Scalar equivalence is
often difﬁcult to achieve, and measurement equivalence,
when possible to achieve, provides for meaningful comparisons across contexts for many purposes.
In the psychometrics literature, a parallel concept to
equivalence is measurement invariance; that is, how the
psychometric characteristics of a measure are preserved
across contexts.25,26 A measure is invariant when individuals
from different contexts with the same status for a construct
receive the same score on the measure.27 Conﬁrmatory factor
analysis is often used to examine the construct validity of a
set of questionnaire items, and it can be used to provide
evidence of factorial invariance, and thus measurement
invariance, across contexts. Five forms of factor invariance
have been described.25 Dimensional invariance addresses
whether the same number of factors is present in each
context. Conﬁgural invariance addresses whether factors are
associated with the same items in each context. Metric
invariance addresses whether the factors have the same
meanings in each context. Strong factorial invariance addresses whether group means can be compared meaningfully
across contexts. Strict factorial invariance addresses whether
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Biometric Conceptual System

Psychometric Conceptual System

Category

Criteria

Deﬁnition

Concept

Deﬁnition

Validity

—

Whether a measure is
suitable for providing
useful analytical
measurement for a given
purpose and context.3,8

—

Whether a measure is useful
scientiﬁcally and does what it is
intended to do.18 Extent to which a
measurement is representative of the
true scientiﬁc value, taking true to
mean an exact representation of
what happened, free from all possible
sources of error, including bias.19

Construction

Wellconstructed

Grounded in an
understanding of the
underlying phenomenon
being measured.

Face validity
Content
validity

Extent to which a measure looks like it
will, or appears to, provide the
desired information.
Extent to which a measure covers all
aspects of the intended behavioral or
physiological domains or dimensions.

Consistent
Performance

Performance is consistent
with that understanding.

Convergent
(or
construct)
validity

Extent of the agreement with another
(noncriterion) measure that should
assess the same parameter based on
face and content validity.

Precision

Yield the same value upon
repetition of the
measurement when the
property does not differ

Reliability

Extent to which test scores are
consistent from 1 test administration
to the next; keeping as many
conditions as possible unchanged.
Extent to which test scores are
consistent when measurements are
taken by different people (or
instruments) using the same
methods or at different times by the
same person.

Dependability

Variability or differences in
the measurement
consistently reﬂect
variability or differences in
the property being
measured.

Behavioral
reliability

Extent to which stability in behavior has
been considered when assessing
other aspects of reliability.

Accuracy

Extent to which a measure
provides unbiased
assessment of the
property in comparison to
a more deﬁnitive measure

Criterion
validity

Extent of the agreement between a
measure and another already held as
being a criterion or gold standard.

Attribution of
accuracy

Accuracy is attributable to
the well-grounded
understanding for that
purpose and context.

Discriminant
validity

Extent to which the measure is novel
and does not simply reﬂect some
other variable.20

Reliability

Accuracy

Figure 3. Comparison of two systems for conceptualizing validity from the chemical and biological sciences and psychometrics.
group means and variances can be compared meaningfully
across contexts. The concepts of dimensional and metric
invariance are related to that of construct equivalence. The
1822
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concept of conﬁgural invariance is related to that of item
equivalence. The concepts of strong and strict invariance are
related to that of scalar equivalence.
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Errors in Measures
Establishing validity and equivalence across contexts requires
the collection of data using measures and indicators, mathematical representation of the quantities needed from the
data, and analysis using appropriate statistical methods.
Among the quantities needed are estimates of errors in
measures; that is, imprecision, undependability, and inaccuracy. The biometric conceptual system corresponds to a
standard mathematical and statistical representation of errors.28-30 If Xij is a measurement of individual i at occasion
j and Ti is the true value of that individual, then for a given
measurement,
Xij ¼ Ti þ Eij

(1)

where Eij is the measurement error. If Xij s Ti then Eij s 0.
The error Eij can be non-zero because of inaccuracy or unreliability or both, and for a single measurement Xij it is
impossible to distinguish between these two sources of the
error. Only by having repeated measurements on multiple
individuals can inaccuracy and unreliability be estimated and
differentiated. Alternatively, equation (1) can be written:
Eij ¼ Xij  Ti

(2)

The square of equation (2) yields the mean square error (ie,
the total error), which summed across individuals is:28
X
2 .
ðn  1Þ
Xij  Ti
.
X
X
2 .
¼
ðXi-  Ti Þ2 ðn  1Þ þ
Xij  Xiðn  1Þ
(3)
where Xi- is the mean for individual i across occasions. That
is, the mean square error is the sum of the square of the bias
(ie, inaccuracy) and the variance of unreliability. The variance of unreliability can be further partitioned into variances of undependability and imprecision, and the
imprecision into variances for inter- and intrarater components. Equation (3) illustrates that there can be trade-offs in
mean square error between inaccuracy and unreliability
such that, of two measures with the same mean square error, one could be highly accurate but unreliable and the
other inaccurate but highly reliable. In some situations, for
example, a measure with small bias that is highly reliable
may be more useful than one with no bias that is highly
unreliable. The sum of inaccuracy, undependability, and
imprecision, which is quantiﬁed as the mean square error, is
the total error.7
This representation of errors assumes that a true value is
plausible for a given individual, such as for physical
properties, demographic characteristics, or behaviors.30 In
contrast, measures of psychological states, attitudes, or
knowledge do not have a true value that is plausible for an
individual. Psychometricians instead assume that there
exists a distribution of measurements for an individual,
with the mean of the measurements substituting for the
true value and representing a latent construct for the individual.30 This distinction in part has led to the development of the psychometric conceptual system for validity.
Psychometrics makes use of two theories that assume
latent constructs, Classical Test Theory and Item Response
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Theory, as a basis for the development and testing of
measures formed by scaling questionnaire items. Classical
Test Theory models the observed manifestation of constructs through items as a function of a true score and a
random error as presented in the previous section.31 Factor
analysis is often used to examine the relationship between
constructs and items. Item Response Theory models the
relationship between a latent construct and the probability
of particular responses to items using a nonlinear monotonic function that bounds the probabilities to zero and
one. The simplest model deﬁnes a difﬁculty or severity
parameter that differentiates items. Item Response Theory
provides statistics to evaluate the ﬁt of individual items.
Both theories assume that the probability of afﬁrming an
item is monotonically related to status on the latent
construct and that status on the latent construct accounts
fully for responses to items in the scale.31
This section has discussed representation of absolute errors, which means that errors are quantiﬁed as differences or
squares of differences, with the differences being in the units
of the measure. An alternative representation is relative error,
which expresses differences relative to (ie, divided by) estimates of the variation in the sample being studied. For
example, a coefﬁcient of unreliability estimates relative error
using a correlation.

ESTABLISHING VALIDITY AND CROSS-CONTEXT
EQUIVALENCE
Establishing validity is inherently an example of a prediction problem in that it is desired to know how well measure Xij predicts the true property Ti (as represented by a
deﬁnitive or reference measure). In any prediction problem, including establishing validity, quantifying the absolute error in the units of the measure is more important,
informative, and useful than quantifying the relative error.32 That is, conﬁdence or prediction intervals that
represent the error in predicting Ti from Xij in absolute
units are needed. For example, when examining the validity of skinfold thickness as a measure of body fat mass in
adults, it is important to know the error in units of body fat
mass (ie, kilograms) rather than just the relative error
(eg, the correlation between skinfold thickness and body
fat mass). There are two interrelated reasons for this. First,
the absolute error quantiﬁes in meaningful units how close
the measure comes on average to the property of interest,
allowing judgment of whether the closeness is sufﬁcient to
be useful. Second, the relative error is confounded by the
underlying variation in the sample, and therefore cannot
be easily applied to other samples in which the underlying
variation may be different.
For these reasons, regression methods are preferred to
simple correlation methods for quantifying validity.33-35 A
bivariate regression model estimates the correlation coefﬁcient but goes beyond that to capture comprehensively
the relationship between the measure being tested and
the deﬁnitive or reference measure. The correspondence
between the two measures can be assessed by the
regression of the deﬁnitive or reference measure on the
test measure. If the units are the same, then a test measure that is accurate and reliable could result in an
intercept of 0, a slope of 1, and points falling close to the
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predicted straight line. A standard residual plot can help
reveal the features of the relationship. Even if the intercept is not 0, the slope is not 1, and/or the relationship
does not correspond to a straight line, the test measure
may be accurate and reliable within the range of data
values observed, with calibration perhaps required to
convert the values from the test measure to meaningful
values, as is done with total body electrical conductivity.
Regression analysis is also preferred because the regression model can be used to examine attribution of accuracy
by adding measures of potential alternative explanations
to determine whether the measure being tested predicts
the deﬁnite or reference measures beyond what can be
predicted by the alternative measures.
For indicators such as whether or not a young child has
faltered in growth36 or whether or not a child has experienced food insecurity,37 Ti is binary. For example, children with growth faltering have Ti positive and children
without growth faltering have Ti negative. When Ti is binary, sensitivityespeciﬁcity analysis often is used to assess
validity.16 In this analysis, sensitivity (ie, proportion of
those with Ti positive that are correctly classiﬁed as positive by measure Xij ) and speciﬁcity (ie, proportion of those
with Ti negative that are correctly classiﬁed as negative by
measure Xij) are calculated for a continuous measure Xij at
all possible cut-points of the observed distribution of Xij.
Then, the area under the receiver operating characteristic
curve (ie, the plot of sensitivity vs 1-sensitivity) is used to
quantify accuracy38; the area under the curve theoretically
ranges from 0.5 (chance) to 1.0 (perfect accuracy). For the
example of the accuracy of a measure of growth faltering
that could be used in epidemiologic studies, one measure
was theoretically superior to alternative measures because
it made fuller use of available information. The analysis
demonstrated that this measure had superior and excellent accuracy, with areas under the curve > 0.9 for both
weight and length.36
For some subﬁelds, establishing the validity of measures is
hampered by a lack of a deﬁnitive measure to use as a criterion to compare reference or ﬁeld measures. Assessment of
usual dietary intake, for example, presents many challenges to
establishing validity.39,40 In some situations, creative strategies can be used to develop deﬁnitive measures, as has been
done for assessment of growth faltering,36 child dietary
intake,13 and household or individual food insecurity (discussed below). When a deﬁnitive measure is not available for
establishing the validity of a reference measure—or a reference measure is not available for establishing the validity of a
ﬁeld measure—then agreement with alternative measures can
be established, but not validity.
Establishing cross-context equivalence requires examining the performance of a measure in multiple contexts to
determine whether or not its performance is comparable.
In particular, it is important to establish that its performance is consistent with the theory and it is precise,
dependable, and accurate in different contexts. Establishing equivalence for subjective measures typically requires
both cognitive interviewing and ﬁeld testing.2 For
example, the measures used globally for assessing family
care behaviors of young children in the Multiple Indicator
Cluster Surveys were initially developed to be measurement equivalent on the basis of cognitive interviewing in
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seven countries and ﬁeld testing in three countries41;
further evidence demonstrating measurement equivalence
has not been obtained. Cross-context equivalence often is
assumed for objective measures such as weight and height
on the assumption that the underlying physical, chemical,
or biological process are universal, but the possibility that
this assumption does not hold should be considered. For
example, although body mass index obtained from weight
and height measures on adults is associated with percentage of body fat in all global populations, the association differs by age, sex, and ethnic group.42

THREE EXAMPLES TO ILLUSTRATE CONCEPTS AND
PRINCIPLES
Validation of Equation to Estimate Body Fat Mass
from Skinfolds
The ﬁrst example illustrates application of the concepts and
principles for an objective measure using data from a study of
41 female crew, gymnastics, and track university athletes
who were assessed for body fat mass using densitometry (ie,
the reference measure) and skinfolds (ie, the ﬁeld measures)
by a well-trained observer (unpublished data). One purpose
of the study was to establish the validity of using a combination of site-speciﬁc skinfold measures to estimate wholebody fat mass of individuals. Imprecision was estimated by
taking the measures once and then repeating them several
minutes later on the same individual. Undependability was
estimated by taking two measures on the same individual 1
week apart, assuming that body composition did not change
during that time. Both imprecision and undependability were
calculated using standard deviations of differences, which is
equivalent to ﬁtting variance components models with the
individual athlete as a random effect to separate out the
components of among-athlete variance, undependability, and
imprecision.
The imprecision and undependability of skinfold measurements at the biceps site were 0.22 and 0.09 mm,
respectively; the thigh site had larger imprecision and
undependability of 0.59 and 0.24 mm, respectively. These
values for imprecision were at the low end of the typical
range for imprecision at the biceps and thigh sites (0.2 to 0.6
mm and 0.5 to 0.7 mm, respectively).43
A multiple regression model for body fat mass on biceps
and thigh skinfolds resulted in these estimates of the
regression coefﬁcients:
Body fat mass ¼ 2:691 þ ð0:832  bicepsÞ þ ð0:261  thighÞ
(4)
with a standard deviation of the residuals of 2.21 kg and a
multiple correlation of 0.864. In comparison, the standard
deviation among individuals in the sample was 4.3 kg for
body fat mass as measured by densitometry, so the standard
deviation of the residuals that quantiﬁes the error of prediction is large.
For estimating the mean body fat mass of a new sample of,
say, 40 athletes all of average (relative to the original sample)
biceps and thigh skinfolds, the 95% CI of the sample in the
middle of the distribution using the standard formula for
multiple linear regression was 0.67 kg, which shows that
the observed and predicted mean for a new sample of 40
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would be expected to be fairly close to each other. The conﬁdence interval would be wider for athletes with skinfolds
smaller or larger than the middle of the distribution of the
new sample. These results mean that this equation would
provide an estimate of the average body fat mass in the new
sample with reasonably useful combined accuracy and reliability, with a conﬁdence interval spanning 1.34 kg.
The 95% CI for an estimated body fat mass of a new individual woman would be 4.91 kg in the middle of the distribution. For the estimation of a new individual’s body fat
mass (ie, a different purpose), then, the combined accuracy
and reliability was poor because the CI spanned nearly 10 kg.
For comparison, the mean body fat mass of the women athletes in the study was 13.3 kg.
These results illustrate two points. First, judgment of validity depended on the purpose. Second, the correlation coefﬁcient, which appeared high, was not helpful in
determining whether the ﬁeld measures had sufﬁcient accuracy and reliability for the purposes envisioned. Furthermore, in the case that the underlying variation in body
fatness in another sample (or a subsample of the same
sample) of female athletes was higher (or lower), the correlation coefﬁcient would be lower (or higher), even when the
combined accuracy and reliability quantiﬁed in kilograms
was the same, and therefore not useful in examining validity.

Validation of Household and Individual Food
Insecurity
The second example illustrates application of the concepts
and principles for a subjective measure using data that came
from a study of 126 households followed over time in
northern Burkina Faso.44 This study used qualitative and
quantitative methods to develop and validate an experiencebased measure of household food insecurity for the purpose
of assisting development organizations in evaluating the inﬂuence of programs intended to improve food security. The
measure was developed assuming one underlying latent
construct. Food insecurity in Burkina Faso has a strong seasonal pattern, and data were collected in ﬁve waves every
July (hungry season) and January (postharvest season) from
July 2001 to July 2003 to contrast the worst and best periods
for food security. An experience-based food insecurity questionnaire was developed from the qualitative study following
several steps.2 To establish accuracy of this ﬁeld measure, the
measure from this questionnaire was compared to season
(July vs January); a set of economic, dietary intake, and
anthropometric measures; and a deﬁnitive measure developed for the study. For the deﬁnitive measure, the households were classiﬁed at two different times as to whether
they were food secure, moderately food secure, or severely
food insecure on the basis of the integrated, in-depth
knowledge that a single observer had of each household’s
situation from multiple visits to each household, based on
ﬁrst principles about household food insecurity drawn from
knowledge obtained in prior in-depth qualitative interviews
in the province.
Validity was examined for three speciﬁc purposes: to
capture overall seasonal differences, to discriminate among
households at each wave, and to discriminate changes in
households across waves. This example focuses on the second
of these purposes. Each of the six criteria to establish validity
November 2019 Volume 119 Number 11

for this purpose in the context of northern Burkina Faso was
met.44 Criteria 1 and 2 were met because the construction of
the items for the questionnaire was based on the in-depth
qualitative data, and the frequency of afﬁrmative responses
for the items was as expected based on the construction.
Criteria 3 and 4 were met because the internal consistency at
each wave was good (Cronbach a¼.81 to .85), meaning that
the measure was reliable. Criterion 5 was met because
regression methods demonstrated that the household food
insecurity measure was associated with the other measures
usually indicative of household food insecurity in a pattern
consistent with theory (eg, more strongly associated with
dietary intake than with anthropometry). Furthermore, the
household food insecurity measure was strongly associated
with the deﬁnitive observer measure. Criterion 6, whether
the performance of the household food insecurity score was
attributable to its ability to capture household food insecurity
status beyond that of other measures, was met as demonstrated by multiple multinomial logistic regression models
using the observer classiﬁcation as the deﬁnitive measure.
Adding the household food insecurity measure to the model
with the economic measures improved model ﬁt signiﬁcantly
and increased the area under the receiver operating characteristic curve.
The method for developing the deﬁnitive measure was ﬁrst
demonstrated in a sample of households in New York State.45
The method has been used successfully to develop deﬁnitive
measures to help establish validity in several other studies of
household5,46,47 and child37 food insecurity. These studies
show the potential of creatively using qualitative methods to
contribute to establishing validity of quantitative methods.
Experienced-based measures of household or individual
food insecurity began to be developed in the late 1980s, and
the validity of these measures for several purposes has been
established from studies in the United States and many other
countries.3,8,48-51 Efforts to investigate equivalence of these
measures across cultures and countries began about 10 years
later. Coates and colleagues52 examined whether there were
cross-context commonalities of the food insecurity experience as captured in measures and ethnographies from 15
different countries. The study found that three core constructs (ie, insufﬁcient food quantity, inadequate food quality,
and uncertainty and worry about food) were experienced in
all cultures, and that concerns about social unacceptability
were present in all ethnographies. The relative frequency
with which survey respondents afﬁrmed items for the core
constructs was similar across most cultures. Other research
has also shown construct, item, and measurement equivalence of food-insecurity measures across countries.3 Recently,
the Food Insecurity Experience Scale was developed and
ﬁelded in 147 countries through the Gallup World Poll53; this
scale was developed to be construct, item, and measurement
equivalent, with subsequent analytic adjustment allowing
comparisons of the scale scores and prevalence of categories
across countries to be made.

Comparison of Two Field Measures of Fruit and Fruit
Juice Consumption
The third example illustrates application of the concepts and
principles for two subjective measures of fruit and fruit juice
consumption using data from a study of 186 households in
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Table. Frequency of fruit and fruit juice consumption from Behavioral Risk Factor Surveillance Survey (BRFSS) and 24-hour recall
in a study of 186 women in rural Upstate New York in 199354
Variance

Standard Deviation

Reliability

Measure

Unit

Mean

Among
individuals

Within
individuals

1d

Mean of 2 d

1d

Mean of 2 d

BRFSS

Square root of
times per week

2.77a

2.02

—

1.42

—

—

—

24-h recall

Times per day

0.903b

0.493

1.08

1.25

1.02

0.311

0.477

a

Mean in times per week estimated by square of 2.77¼7.67.
Mean of 2 days in times per week is 0.9037¼6.32.

b

reliability of 0.477 for frequency per day for the 24-hour
recall, obtained by dividing the within-individual variance
by 2 and recalculating the proportion of total variance due to
the among-individual variance.
One purpose of the measures would be to estimate the
mean frequency of fruit and fruit juice intake per week in the
sample. In times per week, the means from the BRFSS and 24hour recall were 7.67 and 6.32, respectively (Table). The lower
mean for the 24-hour recall was expected given that, for
estimating usual fruit and fruit juice consumption, the measure of frequency per day from the 24-hour recall was
left-censored relative to the frequency per week from the
BRFSS measure, reﬂecting episodic fruit and fruit juice consumption with clumping at zero (Figure 4). That is, not all
zeros reported from 2 days of 24-hour recall were true zeros
for usual intake over a week.
Two other purposes would be to differentiate either groups or
individuals with high and low fruit and fruit juice intake. For
these purposes, the combined accuracy and reliability of the
BRFSS frequency per week for predicting the 24-hour recall
frequency per day was examined using linear regression.
Because the BRFSS data were skew, the square root of the

Frequency per day from 24-hour recall
0
1
2
3
4
5

rural Upstate New York.54 First, two items from the Behavioral Risk Factor Surveillance Survey (BRFSS)55 were used to
ask women about usual frequency of consumption of fruits
and fruit juices per week. Second, two quantitative 24-hour
recalls were conducted about one month apart, and data
from each recall was used to estimate the frequency of fruit
and fruit juice consumption per day.
This example differs from the ﬁrst two in that neither of
the two measures (ie, fruit and fruit juice frequency from the
BRFSS and from 24-hour recall) are deﬁnitive or reference
measures for the purpose of estimating usual consumption of
fruit and fruit juice of individuals in this rural population, and
the study is of agreement rather than validity. Nevertheless,
to facilitate comparison between the measures, the BRFSS
measure is compared to the frequency of fruit and fruit juice
consumption from 24-hour recall.
The testeretest reliability of the 1-day measure of frequency per day of the 24-hour recall of fruit and fruit juice
frequency was 0.311 (Table). This reliability is the proportion
of total variance due to the among-individual variance and is
also the correlation of the values from the ﬁrst and second
recalls. Averaging measures for 2 days resulted in a 2-day

0

2
4
6
8
Square root of frequency per week from BRFSS

10

95% CI
Fitted values

Figure 4. Frequency (times per day) of fruit and fruit juice consumption from 24-hour recall 2-day mean) vs square root of frequency (times per week) from Behavioral Risk Factor Surveillance Survey (BRFSS), with 95% CI for the mean, in study of 186 women
in rural Upstate New York in 1993.54
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frequency was used. Assuming a straight-line relationship was
reasonable based on the scatterplot of the two measures
(Figure 4). The regression model for the 24-hour recall frequency per day on the square root of BRFSS frequency per week
resulted in these estimates of the regression coefﬁcients:
24hour recall frequency per day
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
¼ 0:334 þ 0:451 BRFSS frequency per week

(5)

Residuals from regression of 24-hour recall on BRFSS
-2
-1
1
2
3
0

with a standard deviation of the residuals of 0.805 times
per day or 5.64 times per week, a correlation of 0.619, and
a squared correlation of 0.383. To illustrate this equation,
two individuals consuming fruit and fruit juice 1 time and
4 times per week (from BRFSS) differed on average by
0.451 times per day (from 24-hour recall) or 3.17 times per
week. Thus, the BRFSS, compared with the 24-hour recall,
appears to capture differences in absolute amounts similarly on average because 3.17 is close to 3. This closeness is
evidence of agreement for differences on average. Both
measures may be prone to bias.
The 95% CI for the prediction of the mean of a hypothetical new sample of 186 from the same location as the
original sample was about 0.116 times per day (see
Figure 4) or 0.812 times per week. The 95% CI for the
prediction of a new single individual was 1.58 times per
day or 11.1 times per week. As with the example of body
fat mass in the ﬁrst example and as reﬂected in the
considerable scatter of the points around the regression
line in Figure 4, the prediction of an individual’s frequency
of fruit and fruit juice consumption per day from the BRFSS
frequency measure would be much less accurate as
compared to the 24-hour recall than the prediction of the
average of the group.
The widths of these conﬁdence intervals were inﬂated
because the reliability of 2 days of recall was slightly less
than half. Based on these estimates, hypothetically in the
case that a large number of days of recall (ie, a few

0

2

hundred) were taken to remove the day-to-day undependability and imprecision (ie, unreliability), the standard deviation of the residuals would be 0.310 times per
day, the CI would be 0.609 times per day, and the correlation would be 0.892.
The residual plot shows reasonable homoscedasticity (ie,
equal variability) except at the left side where the censoring
occurred, with the 24-hour recall measure of frequency per
day being mildly skew (Figure 5). The residual plot is similar
to a Bland-Altman plot33; the former plots the difference
against the predictor measure whereas the latter plots the
difference against the average of the two measures.

DISCUSSION
Lack of clarity about terminology used when discussing validity of measures has been a persistent problem in the literature. This article explains the concepts and terminology of
the biometric conceptual system for validity that is well
established in the chemical and biological sciences. The biometric conceptual system is extensively used in the ﬁeld of
nutritional sciences to establish validity of anthropometry,
other objective measures, and some subjective measures (eg,
household and individual food insecurity).8 This system is
well grounded, coherent, and complete conceptually, and
articulated with statistical models for quantifying components of error. An alternative psychometric conceptual system is commonly used among social and behavioral
scientists,16,18,19 including in nutritional sciences, and the
alignment of the two systems was shown.
Although inaccuracy and unreliability are both important
components of error, scientists tend to put more weight on
accuracy than reliability. One reason is that sometimes it is
easier to improve reliability in usage (eg, by taking the
average of repeated measures) than it is to improve accuracy.
Nevertheless, the simple decomposition of total measurement error into components of inaccuracy and unreliability

4
6
8
Square root of frequency per week from BRFSS

10

Figure 5. Residuals from regression of frequency (times per day) of fruit and fruit juice consumption from 24-hour recall (2-day
mean) on square root of frequency (times per week) from Behavioral Risk Factor Surveillance Survey (BRFSS), in study of 186
women in rural Upstate New York in 1993.54
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reminds us that the aim should be to reduce total error, and
that sometimes that may occur by choosing a measure that is
highly reliable although somewhat inaccurate.
Being able to make these decisions requires estimation of
both inaccuracy and unreliability, and then judgment about
whether these errors are sufﬁciently small to provide useful
analytic measurement for a particular purpose and context.
Simple correlation coefﬁcients are inadequate in most instances as a basis for such judgment, and estimates of absolute errors are superior to relative errors.
A substantial limitation of the literature is the pervasiveness of claims that a measure is valid—as if validity is
inherent to that measure. Rather, validity refers to the suitability of a measure when used for a particular purpose in a
particular context, and so specifying the purpose and context
is necessary when making a claim for validity. A measure
shown to be valid for a speciﬁc purpose and context may not
be valid for other purposes or contexts; that is, validity must
be demonstrated for each intended particular purpose. An
important implication is that statements such as a “measure
is validated” or that “we used a validated measure” are not
appropriate. Future reports that refer to validity should
instead make a statement such as “measure A has been
shown to be valid for assessing construct B for purpose C in
context D (ie, circumstances of the measurement situation
such as population and culture) by comparing it with
(reference or deﬁnitive) measure E, resulting in precision F,
dependability G, and accuracy H (ideally all speciﬁed in absolute units).” For future reports that refer to agreement, the
statement becomes: “measure J has been shown to achieve
agreement K when compared to measure L for assessing
construct M for purpose N in context O.”
In the case that a measure is intended to be used across
multiple contexts for comparative purposes, speciﬁc efforts
to establish cross-context equivalence as well as validity are
needed. Determining how much evidence of validity and
cross-context equivalence is sufﬁcient to justify using a
measure is difﬁcult to state succinctly. The emphasis in the
deﬁnition of validity on whether a measure is useful is
important in this regard. Judgment of usefulness involves
technical as well as other scientiﬁc and policy appraisal. For
example, the United Nations Children’s Fund implemented in
the fourth round of the Multiple Indicator Cluster Surveys a
set of 10 questionnaire items to assess, through parental
report, the early childhood development of 36- to 59-monthold children. Although the development and testing of the
items was done through a series of steps, the development
and validation process was limited because of the compelling
need to place some items in the survey given the policy
importance of early childhood development and the lack of
any epidemiologic data. Although some of the items (and
resulting indicators) that were implemented have weaknesses, the set of items has allowed for the ﬁrst time global
estimates of prevalence of inadequate early childhood
development56 and epidemiologic demonstration of the
importance of family care behaviors to early childhood
development.57 Further efforts have been undergoing processes to develop, test, and implement improved items for
future surveys, but the ﬁrst effort demonstrated the
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usefulness of measures and indicators from survey items for
addressing policy questions.
A related practical decision faced often by scientists is
whether to accept existing evidence of validity and equivalence as opposed to needing to further establish these. This
decision is particularly challenging when using subjective
measures that depend on communication between interviewer and respondents and reported by respondents. For
subjective measures, ideally there will be evidence obtained
in multiple contexts from in-depth qualitative research about
the important constructs and how to convey them, cognitive
interviewing about whether candidate items are understood
by respondents as intended, and ﬁeld testing to provide
quantitative data to examine reliability and accuracy.2 In the
case that there is sufﬁcient evidence to establish validity for a
given purpose in multiple contexts or at least one that is
similar to the one being considered—and there is reason to
expect that the underlying property being measured and the
measuring processes are shared across contexts in a common
way—then it may be justiﬁed to assume that a version of the
measure that is adapted to the current context will be suitable to provide useful measurement.
When planning a study to provide evidence about the validity of a measure, the ﬁrst step should always be to clarify the
purpose and context for use of that measure for which evidence of validity is sought because the requirements to
establish validity will differ with the purpose. Any of several
purpose(s) may be intended at the group or individual level or
both (Figure 2). Second, one of the two conceptual systems for
validation (Figure 3) should be chosen, and the concepts and
terminology of that system adopted. Third, regardless of the
system chosen, the validation study should seek to establish
the extent to which the measure is well constructed (ie,
grounded in an understanding of the underlying phenomenon
of interest), reliable (ie, produces precise and dependable
data), and accurate (ie, produces data representative of the
true value, free from bias). Establishing accuracy requires that
at least one other measure understood to be more accurate be
available for comparison (ie, a reference or deﬁnitive measure
when validating a ﬁeld measure or a deﬁnitive measure when
validating a reference measure). In the case that no other
measure understood to be more accurate is available, then the
study will be able to establish agreement rather than validity.
Fourth, analytic methods that go beyond simple correlations
are needed to provide a basis for making reasoned judgment
about whether the measure provides useful analytic measurement for the particular purpose(s) and context. A technical
guide2 is available that provides detailed steps for the development and validation of a measure that could be helpful in
planning validation studies.
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