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Measurement is a fundamental component of
scientific research. Data quality and validity of
researcher’s conclusions depend upon the quality
of metrics and the efficacy of measurement.
Although originally the researchers’ main interest
in measurement lay within the ability domain,
it has gradually spread into different areas of
social life. There are many ways of constructing
measures in the social sciences, one of the
most popular tools in psychology and sociology
being verbally-mediated  self-report  method
that is often used to construct items that are
grouped into multi-item scales to measure some
social or psychological construct of interest
underlying them. Scales offer a more robust
way of measuring dimensionality and exploring
inter-item and inter-informant variation. One of
the reasons for the appeal of multi-item scales
is that their quality can be explicitly and directly
assessed. Well-grounded scale construction
is key to ensuring informative results and
valid conclusions. In its tumn, it necessitates
understanding the psychometric ~ premises
underlying scale construction. This publication
aims to provide an overview of core principles of
multi-item scale construction and to emphasize
some of the best practices recognized in the
process of scale development. The theoretical
premises of the scale construction process
are articulated. By reviewing such facets of
scale making as conceptualization of the target
concepts and relationships among them,
generalizability, meaningfulness, dimensionality,
reliability, validity, factor loadings, dimension
interpretation, subscales, scale labeling and scale
length, this review seeks to outline the structure of
the scale making process, articulate its theoretical
assumptions, and emphasize the best practices
that secure the development of reliable metrics.
Key words:  measurement;  multi-item
scales; scale construction; reliability; validity;
quantitative methods.

BumiprosaHHsi sig/isie 060K hyHOaMeHmMasIbHy
CK/1a0oBy HayKoBO20 OOC/OXKEHHS. SIKicmb
0aHuUX ma BaslidHiCMb BUCHOBKIB OOC/IIOHUKa

3a1exams 8i0 sKoCmi Mempuk ma eghek-
musHocmi BUMIpHOBaHHS. Xoya Bi0 noyamky
docsioHuYbKUll IHMepec y 2asy3i BUMIPHOBaHHS
cmocyBascs OYiHKU /Il0OCbKUX 30i6Hocmel, 8iH
1ocmynoso po3WUpUBCs Ha iHWi ¢hopmu coyj-
&/1bHO20 XUMMS. Y couia/ibHUX HayKax € pisHi
Crocobu KOHCMPYOBaHHS MEMPUK, | OOHIE 3
HalbifbW BXuBaHUX 8 rcuxosioeii ma coyionoaii
€ Memoa C/108ECHO CHOPMY/IbOBAHUX CaMO3Bi-
mig, WO Yacmo BUKOPUCMOBYEMbLCS O/ KOH-
CMPYrOBaHHS IHOUKamopiB, sIKi KOMIMOHYOMbCS
y 6a2amorno3uyiliHi wkasau 07151 BUMIPHOBAHHS
MeBHO20 COYia/TbHO20 YU MCUX0/I02IYHO20 KOH-
cmpyKkmy, Wo cmoime 3a HUMU. Taki wkasu 8io-
Kpusaroms 6i/ibW HaditiHul criocié nididimu 0o
OUiHKU po3MipHOCMi ma doc/idumu sapiamus-
HiCMb, WO iCHYE MiX 3MIHHUMU ma PecrioHOeH-
mamu. OOHa 3 MPUYUH MOMy/SPHOCMI BXUMKY
WwKas rosisi2ae y MoX/usocmi 6e3rnocepeodHso
i ekcnaiyumHo oyiHsamu ixHio sikicms. 1o6y-
dosaHe Ha 00Kasax KOHCMPYKBaHHS WKa/ €
K/I040BUM ~ €/1eMEHMOM 07151 3a6e3rneqeHHs1
iHgbopMamuBsHUX pe3ysibmamis ma Ba/lioHUX
BUCHOBKIB. Lle, y csoto 4yepey, nepedbayac spa-
XyBaHHs1 MCUXOMeMPUYHUX MOCU/IOK, WO Cmo-
SIMb 3@ MPOYECOM WKa/I0ymBOpPeHHs. Lisi ny6ni-
Kayis mae Ha Memi Hadamu 0271590 3acadHu4ux
MpuHYyunis Mobyoosu 6a2zamono3uyitiHux wkaa
i G719 4yb020 Ha2os/IoWye Ha OEsIKUX PEKOMEH-
00BaHUX MpaKmuKax, Wo 3acmocoBytombCsi
Y MPOUECi WKa/I0ymBOPeHHS. 3asHayaromsCsi
meopemuyHi Mocu/IKU fpoyecy hopmyBsaHHs
wkasn. Po3sasissdarodu pisHi acrekmu rpoyecy
rMnobyoosu  WKas, SIK-om  y3a2a/lbHeHiCmb,
OCMUC/IEHICMb,  PO3MIPHICMb,  HadiliHicMb,
BaslioHICMb, hakmopHi HaBaHMaXXeHHSI, IHmep-
rpemayjist BUMIpIB, Cy6-Wkasu, Ha3su 0715 WKas
ma posmip wkanu, yel 02150 HamazaembsCsl
oKpec/iumu  cmpykmypy fpoyecy nobydosu
wkasa, cehopmymosamu o020 meopemuyHi
3aCHOBKU ma Ha20/10cumu Ha pekoMeHo0sa-
HUX npakmukax, Wwo 3abe3neqytoms po3pooKy
HaoiliHUX MempUK.

KniouoBi cnoBa: sumiprosaHHs, 6azamorio-
3uyiliHi wkanu, pospobka wkas, HadiliHicms,
Ba/TIOHICMb, Ki/IbKICHI MEMOOU.

Relevance and research problem. All empiri-
cal sciences face a task of designing measurement
procedures to acquire accurate information about
material objects, cognitive states, individuals, or
groups. Data quality and validity of researcher’s
conclusions depend upon the quality of metrics and
the efficacy of measurement. Measurement is an
essential component of scientific research, regard-
less of the disciplinary boundaries that divide
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scholarly efforts into different sciences. Measure-
ment is furthermore fundamental to any scholarly
activity and is significant in researching any social
context [2; 7; 26]. As scientific knowledge is gener-
ated through systematic observation, the informa-
tion obtained this way is often subjected to some
form of quantification in order to be processed or
made sense of. Rigorous measurement is the main
avenue of communication between the researcher
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and the real life phenomena of their research inter-
est [26].

These issues highlight two major concerns with
measurement in empirical research. The first one is
generalizability — namely, does the metric work out-
side of the local context? If it cannot be equally effi-
ciently applied with regard to other samples, points of
time or number of observations, the metric is much
less useful. The second concern is to do with mean-
ing, as one’s measurement has to be meaningful and
tractable in order to allow making interferences and
answering research questions. Finally, we have to
assume that all measures are bound to have some
amount of error, therefore employing multiple mea-
surements are advisable in order to avoid the distor-
tions in one’s data and conclusions [13]. Scale usage
is often favored in social sciences but there are issues
connected to understanding the theoretical premises
informing scale construction that ultimately lead to
concerns in evaluation of scale quality and interpret-
ing the scores. This publication seeks to address this
problem by articulating both the requisites of scale
making procedures and best practices in the process
of scale development.

Review of current research and publications.
A rise of interest in measurement coincided with the
beginning of the systematic exploration of individual
differences initiated by Galton in the late 19" century.
Although originally the researchers’ main interest lay
within the ability domain, it has gradually spread into
different areas of social life including values, tem-
perament and vocational interests, and is steadily
growing [3; 21]. The techniques of scale construction
grew out of many years of factor-analyzing groups
of self-report inventory items and are widely known
among psychometricians [4; 19]. In anthropology,
the technique of scales was effectively used by Roy
D’Andrade in his analysis of American, Viethamese,
and Japanese values [6]. Scales are presently widely
used in sociology and social epidemiology to address
complex social phenomena and lived experience [24].

It is often the case for the quantitative survey-
ing of social contexts that the connections between
the research concepts and metrics are the relation-
ships of interdependence; in the social sciences it is
not uncommon that the arrival of newly developed
metrics broadens epistemological horizons, leads
to new insights, and ameliorates our understanding
of the phenomena or processes in question [26].
As described in textbooks on methods, it often the
case that when a ‘tactical’ approach to measurement
changes, it alters the perspective on the studied con-
structs and their interrelationships, thus increasing
the informativeness of the research results, espe-
cially in the case of interdisciplinary queries which
tend to treat more complex relationships [18; 19; 20].

Embedding theory into measurement

There are theoretical and a-theoretical metrics.
A-theoretical metrics service constructs that are not
a product of any specific theoretical framework and
can be easily accessed by a simple stimulus (i.e.

What is your weight in kilos?). Theoretical metrics are
developed for composite theoretical notions that are
used to explain phenomena or behavior, and bear
their marks in that they must correspond to them in
their structure [16](for example, emotional vs. cog-
nitive empathy) or level of complex abstraction (i.e.
SES, neuroticism), so they require multiple stimuli to
address their various facets.

Undoubtedly, not all metrics need to be theoreti-
cal (compound or complex) to be useful tools. There
are some quite simple indicators (such as gender,
age, your favorite ice cream flavor or your candidate
in the forthcoming election) that can be collected
empirically and require no additional explanation to
be efficaciously made sense of. In their turn, theo-
retical constructs — those built on the foundation of
a specific model — may not have a tangible status by
themselves but there is an assumed theorized enti-
tativity behind them. Alcoholism, abuse, optimism,
individualism, depression, self-direction, extraver-
sion, hedonism, anxiety are some of the examples.
Therefore oftentimes such constructs are latent vari-
ables and require data reduction techniques (such as
factor analysis or principal component analysis) for
their extraction, and for their measurement multi-item
scales are used.

Background of method of multi-item scale
construction

Using methods of data reduction is a useful quan-
titative option for social scientists to parse large
agglomerations of social or psychological information.
Principal components analysis and factor analysis
are popular tools among psychometricians, and they
are sometimes used by anthropologists and sociolo-
gists to describe the culture-specific organization of
beliefs in cognitive data. Data reduction is achieved
by reconstructing the relationships between variables
in a matrix and presenting them as a set of new latent
variables summarizing variation present in the matrix;
it results in condensation of a dimension (a principal
component or a factor). Thus, data reduction permits
accommodation of material of considerable com-
plexity, without assuming unidimensional consensus.
It also directly and explicitly tests the cohesiveness
of the dimension rather than assuming that its shar-
ing is homogenous among the informants [4; 6; 19].
Altogether it makes data reduction techniques a suit-
able tool to both produce a "big picture” and capture
the internal organization of complex abstract entities
such as cultural models, institutional lifeworlds, worl-
dviews, ideologies etc.

One of the reasons for appeal of multi-item
scales (compared to single-variable measures?) that
is often quoted is that their quality can be explicitly
and directly assessed. The conventional way to do
it is by computing Cronbach’s alpha (a) [21]. How-
ever, due to the lack of clarity of alpha’s criteria that

1 Having said that, it is important to acknowledge, however, that some-
times complex phenomena and/or states can be effectively represented by
one well-chosen, effectively phrased item (such as seen with the questions
about happiness). Single item measures have been shown to be effective,
especially for volatile concepts such as subjective well-being.
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is sometimes deemed not enough [22]2. Furthermore,
there is no clear agreement as to how the criteria of
Cronbach’s alpha should be interpreted [22], while
the alpha between 0.6 and 0.8 is usually considered
acceptable [10; 12; 17].

Scales offer a more robust way of measuring
dimensionality and exploring inter-item and inter-in-
formant variation [4; 15]. There is always a theoret-
ically-informed dimension behind a scale which can
be described accordingly and labeled in a meaning-
ful, intersubjectively intuitive way. Such constructs
often influence behavior rather than embody it. Latent
variables are variables that collectively measure one
construct that is behind a specific set of items — an
agglomeration of indicators, which altogether mea-
sure a construct, that could not be as effectively cap-
tured by one item.

In an earlier article [14] | discuss how data reduc-
tion and cluster analysis techniques can be used to
construct scales step-by-step and how to make use
of the methodological possibilities of correspon-
dence analysis of multi-item scales derived from
cluster analysis and principal components analysis,
to extract and explore large agglomerations of social
information. Although there are different traditions
in understanding the mechanics of correspondence
analysis, the advantages of using scales are not dis-
puted. Correspondence analysis reveals the struc-
ture of the data and provides a scaled model of that
structure, summarizing complex relationships among
many subjects and many sets of variables simulta-
neously [25]. Correspondence analysis of multi-item
scales permits treating multiple values and norms
dimensions (i.e., without assuming unidimensional
structure of the data) and demographic categories
simultaneously.

In the social sciences, well-grounded scale
construction is key to ensuring informative results
and valid conclusions. In its turn, it necessitates
understanding the psychometric premises underlying
scale construction. This publication aims to provide
an overview of core principles of multi-item scale
construction and to do so it emphasizes some of the
best practices recognized in the process of scale
development.

Assumptions, phases and facets of scale con-
struction. There are multiple ways of constructing
measures in the social sciences, including the use
of biomarkers, collateral reports, behavioral observa-
tions (including online communities) etc. Despite the
abundance of options, one of the most popular and
most often employed tools in psychology and sociol-
ogy is verbally-mediated self-report method that is
often used to construct items that are grouped into
scales to measure some social or psychological con-
struct of interest [3].

Strategies of scale construction

Within the scale construction methods there tra-
ditionally have been three mainstream strategies:

2 Performing split-half test is usually recommended as an additional
measure in such cases.
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(1) rational-theoretical approach, (2) empirical crite-
rion keying, and (3) internal consistency, or factor-an-
alytic methods [23, p. 415]. The first strategy appears
the simplest as it is grounded in the researcher’s
straightforward assessment of item’s value based on
its face validity. This way a scale is composed based
on each item’s perceived relevance to the scale, irre-
spective of its psychometric underpinnings, which is
a major limitation of this approach.

In its turn, the empirical criterion keying method
selects items for the scale primarily based on their
effectiveness in distinguishing between the individu-
als on some continuum reflecting a trait of interest
represented by the scale; the sole criterion for the
item’s inclusion in the test is its ability to discriminate
between two groups where an attribute of interest
(for example, depression) is either present or absent
[23, p. 415-416]. The classic example of this mecha-
nism is the Minnesota Multiphasic Personality Inven-
tory (MMPI) [11; 1]. Measures obtained this way often
show good convergent validity but lack discriminant
validity® or internal coherence. This is a drawback
preventing the empirical criterion keying from being
recommended as the most advisable approach in
scale construction.

Finally, the internal consistency (or factor-analytic)
method works by distilling relatively homogenous
groups of intercorrelated items (i.e. the ingredients
for the future scales) demonstrating high discriminant
validity. It is usually achieved by means of data reduc-
tion techniques (factor analysis or principal compo-
nents analysis) to extract clusters of variables that
form interpretable dimensions [23, p. 416]. However,
the meaning of extracted dimensions is not derived in
the process of their condensation and therefore can-
not be assumed and can only be inferred, which calls
for caution in labeling extracted scales. Therefore the
most straightforward way to create scale names is by
choosing a label invoking three scale items with the
highest item-total correlations or, alternatively, three
scale items with the highest factor loadings on the
first factor (thus contributing to the contents of the
scale the most).

As all the described approaches are not only mutu-
ally exclusive but also have their respective short-
comings making them all fall short of the universal
solution for the problem, some integrative approach
should better be assumed to balance them out. One
such overarching, umbrella-like approach involves
the concept of construct validity. Although often it is
the case that scale developers consider construct
validity only after the scale has been designed and
not in the beginning of the process of making a scale,
it is nonetheless important that in the absence of the
readily available golden standard for measurement
of non-tangible concepts their validation should be
embedded into their respective theoretical networks

3 Convergent validity implies high correlations with measures that are
theoretically cognate (e.g. flourishing, meaningful life, and happiness); dis-
criminant validity implies low correlations with theoretically unrelated mea-
sures or inverse relationships between entities that are theorized as concep-
tual opposites of each other (e.g. happiness and depression).
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[23, p. 416-417]. In this manner, construct validity
also furthers theoretical development [21].

As current literature privileges theory-based
model of scale construction, the first premise of the
scale development process is a theoretical one and
its first step begins with a clear conceptualization
of a target construct (fig. 1). The process of scale
development therefore opens with (1) an articulation
of the theoretical concepts of interest and their pur-
ported interrelationships, followed by (2) designing
and developing ways to measure those constructs
according to chosen theoretical framework, and
finally (3) empirically testing the relations among
those theoretical constructs through their observ-
able manifestations [3]. The process of composing
the initial pool of items is connected to a thorough
literature review that allows not only to define the
construct of interest and its boundaries clearly for
a sufficient theoretical coverage (which constructs
are relevant and which are tangential), but also to
encompass the related constructs to ensure an ade-
quately detailed nomological network through mak-
ing all relevant content available for sampling. Thus
conceptualization is a key first step in the process of
making good scales.

Thoughtful formulation of items is another aspect
of the process of scale development. Items need to
be carefully phrased to avoid ambiguity, jargon, con-
tamination with other phenomena or dispositions,
etc. [23, p. 420; 3]. The choice of response format
is also of vital import. The reason for such caution is
the intrusiveness of some traits/features (for exam-
ple, such as neuroticism) that intervene with phrasing
and understanding an item quite easily (for example,
by adding a proposition like ‘I worry that...” or simi-
lar phasing that introduces the neurotic flavor to the
scale).

YW

Data collection |

Examination of scale
dimensionality,
reliability and validity

-Conducting factor analysis

Dimensionality

A scale’s dimensionality, or factorial structure,
reflects the number and nature of variables assessed
by its items [9, p.7]. Scale’s dimensionality is usually
assessed by some technique of data reduction (factor
analysis or principal components analysis) and allows
ascertaining exactly how much each scale item con-
tributes to the underlying latent variable, judging by
the magnitude of the item’s factor loading. Explor-
atory factor analysis (EFA) is most often used to
uncover the underlying scale structure (e.g. whether
it is uni- or multi-dimensional) and to determine how
items are grouped together. It is often helpful to con-
trast the results of EFA (the factorial structure) with
the output of cluster analysis (the dendrogramme)
to check for meaningful overlaps [14]. Confirmatory
factor analysis (CFA) can be used to check for scale
invariance, confirming if the scale has the hypothe-
sized structure.

Validity and reliability

Validity (i.e. the condition when a metric mea-
sures exactly what it was meant to) and reliability
(i.e. the condition when a measure measures what
it was supposed to measure accurately) both relate
to the link between the developed metric and the real
life phenomena it attempts to measure. Both validity
and reliability are encumbered with a series of issues
that need to be acknowledged with respect to scale
construction principles [18]. First of all, validity and
reliability are interrelated. Second, high reliability is
easier to ensure than high validity. At the same time,
reliability does not guarantee validity nor is a suffi-
cient condition for it. Moreover, the two parameters
are connected to each other but they can clash — the
increase in reliability of a metric (for example, by vir-
tue of selecting more concrete and specific items to
represent various facets of the phenomenon) can

Substantive validity
checks

Original pool of scale
items -Assemble a pool of items for the scale
-Select items
-Translate or adjust items
L
Adjustments to
response format

Structural validity
checks

-Exploring factorial structure
-Comparing the results of factor analysis
and cluster analysus

| Finalized scale I

Fig. 1. Schematic representation of the phases of scale construction process
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lead to decreased validity (which is often referred to
as the problem of the forest and the trees).

Another problematic issue relates to the confusion
between the internal consistency (i.e. reliability mea-
sured by Cronbach’s alpha) of the scale, on the one
hand, and homogeneity, on the other. Although these
characteristics are sometimes assumed to be synon-
ymous in the literature, they are not [3; 5; 13; 22].
Internal consistency conveys information about the
degree of interrelatedness of a set of items; homo-
geneity refers to the unidimensionality of the set of
items (i.e., whether or not they all tap into the same
underlying construct) [22]. Alpha is not a measure of
unidimensionality and multidimensional measures
require other ways of establishing reliability, including
creating subscales [3; 22]. Alpha supplies the details
about the operationalization of the concept but it only
yields accurate estimates under the condition that the
scale is unidimensional. Alpha depends on homoge-
neity and the length of scale* [13].

It should be noted here that achieving a high
alpha is not always possible. Sometimes a phe-
nomenon being studied does not imply an inter-cor-
relation of indicators or such inter-correlation can-
not be expected. In cases such as these it is more
important to capture the cumulative experience than
intrecorrelations of scale items. For example, it is
often the case with check-lists for traumatic events,
war-induced stress or sexism. Sometimes there is
no underlying theoretical dimension or expectation
that these events would be intercorrelated (which
is the premise for computing an alpha). The Chron-
bach’s alpha, as we know, can only be legitimate for
unidimensional entities [17]. When no such entity is
theorized, the requisites for a high alpha as a con-
dition for computing an index are not fulfilled. It can
be however useful to know the composite score for
the experiences which are constitutive parts of the
scale contents, to be able to distinguish between the
respondents along the continuum. Along the same
lines, in a rubric “Can a reliability coefficient be too
high?” Netemeyer, Bearden, & Sharma [17] point out
the example of a sexism scale in which participants
were supposed to report the extent to which they
have experienced a number of different sexist situ-
ations:

We would not necessarily expect the experience
of one event to be related to experiencing another
event. In a case such as this, the reliability would
be somewhat low, yet we may still want to sum the
scores to give us an indication of how many events
they experienced (pp. 55-56). [...] So, although a rule
of thumb cannot be provided for what a reasonable
coefficient alpha may be, the mindless striving for
homogeneity of tests or scales is often done at the
expense of empirical usefulness of the resulting
scales. Coefficients of homogeneity for any test or
scale must be evaluated against the purpose of the

4 The length of scale also taps into the question of item redundancy
(Alpha depends on homogeneity and the length of scale [13, p. 471].
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test or scale, the construct being estimated, and the
number of items in the test (p. 56).

Conclusions. The process of measurement can
be described as bridging abstract research con-
structs that are not directly available for observation,
with their empirical indicants that do lend themselves
to empirical observation and direct measurement.
Social research typically deals with theoretical met-
rics — latent parameters that are aggregate abstract
notions behind a response to a specific survey ques-
tion that are more informative than a response to a
survey item itself [2; 26]. Development of valid metrics
and construction of research instruments securing an
adequate theoretical coverage of the researched con-
structs being measured allow claiming reliability of the
collected data and draw conclusions from them. This
way effective measurement is essential for maintain-
ing the data-theory link in social sciences, thus legiti-
mizing the research process. Moreover, an important
aspect of organization of the measurement process
is to do with the fact that mathematical tools that are
currently available within the modern statistical tool-
kit, often carry the signatures of research problems
they have been historically designed to serve or help
solve [7; 8].
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