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Scales are commonly employed in Human–Robot Interaction (HRI) research, yet due to its multidisciplinary
nature, many in this community lack direct training in psychometrics. This poses challenges for appropriate
scale selection, accurate assessments of reliability and validity, and use. We provide a tutorial to empower
researchers without scale development expertise to assess scale quality efficiently. We detail a guideline that
provides high-level questions and examples to help the reader make confident evaluations of existing scales in
HRI. The guideline is then used to evaluate the Godspeed and Robotic Social Attributes Scale (RoSAS). RoSAS
is found to be adequately validated, whereas Godspeed warrants further investigation before it should be used
in HRI contexts. The article concludes by offering advice on the use of custom scales and provides references
for further enhancing expertise in this domain.
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1 Navigating the Challenges of Scale Development and Selection
Measurement is a fundamental aspect of scientific research. Scientific discovery depends upon
accurate, reliable, and valid measures and developing such measures requires a principled approach
[36]. In the field ofHuman–Robot Interaction (HRI) research, scales (also known as rating scales
or questionnaires), are a key methodological tool. They offer insights into user perspectives and
experiences, and provide critical data that informs the design and evaluation of robotic systems.
An analysis of the publications from 2015 to 2021 across two major HRI venues, the ACM/IEEE
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International Conference on HRI and the IEEE International Conference on Robot and Human
Interactive Communication (RO-MAN), found that of the 1,464 published papers [126], 61% (889
papers) included scales. This widespread use underscores the importance of scales in advancing
research in HRI and social robotics more broadly.

The social robotics community is inherently interdisciplinary, composed of roboticists, computer
scientists, psychologists, cognitive scientists, designers, linguists, and engineers, among others [44].
While this diversity has many advantages, it also means that many researchers in the field do not
have formal training in psychometric theory,1 the branch of psychology dedicated to the scientific
study of testing, measurement, and assessment of psychological constructs [97]. Psychometric
theory offers the tools needed to evaluate whether a scale accurately captures the constructs it
claims to measure and whether it does so reliably. Those looking to learn more about psychometric
theory will quickly find that the field contains over a century’s worth of research with innumerable
articles and textbooks detailing complexmethods of analysis aimed at optimizing the process of scale
development and validation (see Cattell’s Mental Tests and Measurements [24] for a foundational
reference). Gaining expertise in this field is not a simple task (and will not be accomplished by
simply reading one paper).

Yet, even without much experience in psychometric theory, it is quite easy to implement a scale
into a research project. This ease of implementation combined with a lack of expertise on scale
development and validation makes the HRI community particularly vulnerable to pitfalls associated
with measure development, selection, and use [105]. Without some knowledge regarding the best
practices in psychometric theory, simple mistakes and assumptions can propagate easily, leading to
work that may be difficult to replicate and potentially uninterpretable. These skills are particularly
relevant to not only those aiming to advance their research within the HRI community, but also
to those who value reproducible research more broadly [74]. Developing the ability to critically
analyze existing scales will become a necessary tool in the proverbial toolbox if the HRI community
aim to achieve more valid and reproducible results which will in turn ensure continued positive
impact in both academic and applied contexts.

Therefore, to help build these critical skills, we offer this tutorial aimed at equipping members of
the HRI community, particularly those without expertise in scale development, with a practical tool
to critically assess whether a scale has been adequately developed and validated.The current section
(Section 1) provides motivation for the development of this tool. Section 2 introduces a step-by-step
guideline on the basics of scale development, outlining the essential steps a scale must undergo to
be considered well-developed. The goal of the guideline is to equip readers with the knowledge
needed to critically assess the quality of existing scales. Section 3 applies the guideline to evaluate
two frequently used and cited scales in HRI, Godspeed [10] and the Robotic Social Attributes
Scale (RoSAS) [23]. Section 4 provides advice for those interested in using customized scales in
their research. Readers should note that this tutorial is not intended as a guide for developing a
new scale. Those interested in learning more on this topic can refer to Section 5, which concludes
the article with suggestions for future work and provides additional resources to support scale
development.

1We label these individuals as “non-expert” simply because we assume they are not experts in the field of psychometric
theory. The term “non-expert” does not imply that we assume they are “non-experts” in HRI. Though one may identify as a
non-expert, they may still incorporate psychometric measures in their research. It is to this group of individuals—non-experts
in psychometric theory with an interest in including scales in their research—which we direct the advice and guidelines
detailed in this article.
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2 Guidelines for Choosing the “Perfect” Scale
The term “scale” refers to any instrument that measures an attitude, attribute, or other latent
construct that is not directly observable [38].2 Selecting the right scale for a research project is
a balancing act. For example, there must be consideration of the research goal, the method of
implementation (e.g., online or in-person [89], between- or within-subjects [90]), and the timeline
of the project. There are three possible scenarios that a researcher may find themselves in when
considering incorporating a scale into their research project: (1) creating and validating a brand-new
scale, (2) finding and evaluating the validity of an existing scale, or (3) creating a custom scale—a
custom scale is any scale that has not been validated (see Section 4 for more details on custom scales).

Developing a new scale might be required in several situations. First, this can occur when the
construct of interest has been difficult to measure in the past (e.g., the construct is complex, vague,
or does not fit neatly within a previously proposed definition). Second, a new scale might be needed
when the construct has never been measured before, or when an existing scale is available but has
methodological flaws. Finally, scale development might be necessary when the theory underlying
the construct has evolved and the scale needs to be updated accordingly.

However, as previously mentioned, the process of developing and validating a brand-new scale
can be challenging for non-experts and the details for conducting this type of research are beyond
the scope of this article (though see Section 5 for some suggested readings). Therefore, a reasonable
first step is to determine whether or not a scale already exists that adequately measures the attitude
or attribute of interest.

This tutorial aims to help the reader select an appropriate scale, evaluate whether it was developed
adequately, and determine its validity as a measure. In many cases, multiple scales may be available,
and selecting the “perfect” scale depends not only on how well it fits with the research aims but
also on its measurement abilities. A “perfect” scale is one that both measures the intended construct
and has been rigorously developed and validated. Only when previously validated scales are not
available (or the existing scales have not been adequately developed and validated) should the
reader proceed to develop a custom scale. Section 4 provides information and advice for those
developing custom scales.

The following subsections detail a guideline for choosing the “perfect” scale from existing scales
in HRI. The guideline consists of 13 high-level questions designed to help the reader evaluate
whether a candidate scale is a good fit for their research. These questions were synthesized from
other sources [13, 34] and the authors’ (of this article) experience analyzing and developing scales.

The authors would like to note that many of the guideline items include recommendations
for minimum acceptable criteria for specific metrics used in the scale development process (e.g.,
Cronbach’s alpha,Comparative Fit Index (CFI), and RMSEA).Where possible we provide citations
for recommendations with exact values (e.g., Cronbach’s alpha). These recommendations can and
should be interpreted as heuristics. We acknowledge that the heuristics we provide here are not
perfect and we do not encourage the reader to discard a scale simply because it does not meet a
specific threshold that has been suggested in this article. In the likely event that a chosen scale
meets most, but not all, of the guideline criteria, it may still be suitable for use. In such cases, the
reader should carefully examine which aspects of the criteria the scale does not meet and consider
the implications of those gaps in the context of their research goals. A scale may seem to align
well with a reader’s intended construct based on its content or theoretical framing, but, if it lacks
evidence of rigorous development and validation, its usefulness may be limited. In these situations,
readers are encouraged to consider alternative scales that, while not an exact conceptual match,

2The terms construct, domain, and latent variable are frequently used interchangeably in the psychometric literature and all
refer to the same thing—the unobservable attitude or attribute that is being measured [40].
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may offer stronger psychometric support and ultimately better serve the goals of their research.3
Importantly, if the reader’s chosen scale fails to meet the majority of the guideline criteria, this
raises substantial concerns about its measurement abilities and warrants reconsideration of its use.

We also acknowledge that different scale developers will use slightly different heuristics across
studies and development methods. This is perfectly acceptable in scientific research so long as an
adequatemotivation or rationale is provided. Scale developers withmore experience in psychometric
theory may be able to approach the scale development process with more nuance than a non-expert.
For example, consider the use of p < 0.05 as a heuristic for statistical “significance” in science more
broadly. Though this threshold is far from perfect [49, 103, 116, 118], it can be used as a guard rail
to aid researchers in the interpretation of results [33]. An experienced researcher can recognize
that the 0.05 threshold is arbitrary and that a p-value of 0.054 is not meaningfully different from
(in terms of the interpretation) a p-value of 0.045; both values indicate that the probability of
observing the current result is unlikely if the null hypothesis is true. Similarly, in the context of
scale development, an l value of 0.68 is not meaningfully different from an l value of 0.72 (l here
refers to McDonald’s l . See [34, 57] for more details.); both values suggest that there are reasonably
high levels of internal reliability in the measure. When possible, we recommend that the reader
consider approaching the heuristics outlined in this tutorial with similar nuance. However, we
recommend using these criteria as a first step for understanding basic scale development criteria,
given that the target audience for this tutorial are readers without expertise in psychometric theory.

The guideline is separated into the three main stages of the scale development process: item
development, scale development, and scale evaluation. At each stage, this article identifies the
minimum requirements a “good” scale must meet and poses specific questions that can be used
to guide the reader to determine whether the scale has met the minimum requirements to be
considered adequately validated. Each subsection includes a brief description of the questions as
well as details regarding their relevance and importance to the scale development process.

2.1 Stage 1: Item Development
Item development refers to the process by which the items of the scale are created. Each item is
intended to capture the construct (i.e., attitude or attribute) of interest either in part or in full.
Items often take the form of direct questions, directives, or statements about their underlying
construct. For example, a scale measuring trust might ask participants to respond to the item,
“I trusted that the robot was safe to cooperate with” by rating the amount they agree with that
statement using a response scale ranging from 1 to 5 [26]. The item development stage lists three
main questions the reader should ask of the scale they are evaluating. These questions can help
the reader ensure that the item development process was completed adequately and that the scale
construct is appropriately defined.

Question 1: Is the construct that the scale is attempting to measure defined clearly somewhere in the
paper? The first step of a typical scientific research endeavor is to clearly state the topic of interest.
In psychometric theory, this is referred to as identifying the construct of interest. A construct refers
to the unobserved (i.e., latent) attitude, cognition, or attribute that is the target of the study [14, 67].
Unobserved (or latent) in this context simply refers to a type of construct that exists in the mind of
the participant and cannot be directly observed. Measurement scales are typically developed to
measure a latent construct that can be inferred from participants’ responses to scale items [43, 93].

3Relatedly, if there are few scales available that measure the construct of interest and these scales have not been adequately
developed or validated, it may still be acceptable to use one of them in a research project. However, we recommend the
researcher critically evaluate the scale (e.g., with the methods detailed below) and share their findings to help advance
understanding of its measurement abilities.
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An example of a latent construct relevant to the HRI might be perceived agency, which is defined
as “a characteristic of an entity whose actions are assumed by an outside observer to be driven
primarily by its internal thoughts and feelings and less by the external environment” [112, p. 3]. The
perception of agency of another entity cannot be directly measured, as it exists only in the mind of
the participant, and therefore must be inferred, making it a clear example of a latent construct.
The spectrum of possible latent constructs that can be measured is expansive and, for example, can
range from constructs related to performance [55], perceptions [80], or preferences [18].

After identifying the construct, the reader must next determine whether or not it has been clearly
defined. A clear definition is one that is precise, unambiguous, and completely explains the construct.
An example of a good definition is one by Malle and Ullman [80] who define trust as “a dyadic
relation in which one person accepts vulnerability because they expect that the other person’s future
action will have certain characteristics; these characteristics include some mix of performance
(ability, reliability) and/or morality (honesty, integrity, and benevolence)” (p. 12). This definition is
good because it clearly provides hypothesized factors that are thought to be contained within the
construct (i.e., performance trust and moral trust) as well as key aspects of the context in which
trust is thought to occur (i.e., cases where an individual in the dyad is vulnerable). Additionally,
a good definition should not only state what the construct is, but ideally also what it is not [70],
although this is not as common an occurrence (though see [81] for a nice example of a literature
review that distinguishes their proposed construct from other related constructs in the field).

There are two approaches that can be used to develop a precise definition of a construct: theory-
or data-driven. In a theory-driven approach, a clear definition is synthesized from the existing
literature at the start of the scale development process [83]. Ideally, a precise definition that is
agreed upon will already exist in the literature. In this case, the theory-driven approach is the best
avenue forward. However, it is not uncommon to find that a new or more precise definition is
needed. If this is the case, the paper should include a brief review of the literature, and previous
definitions, if necessary, along with the newly proposed definition of the construct that the scale
aims to measure. For example, Malle and Ullman [80] synthesized decades of research to develop
their definition of trust. Alternatively, in cases where there is no theoretical consensus of the
construct, scale developers with expertise in the area can choose one of the debated theories,
motivate this decision, and develop items based on this definition. However, without agreement in
the literature it is also appropriate to proceed using a data-driven approach.

The data-driven approach can be thought of as a bottom-up process where the researcher is
agnostic regarding the latent dimensions that underlie the construct and instead incorporates a
wide variety of items that are thought to be related to the construct of interest. For example, in
their efforts to investigate the dimensions underlying the mind perception of others, Weisman
et al. [119] included a range of items that captured many different potential underlying dimensions
and then evaluated those dimensions post hoc to develop their body–heart–mind framework.
Other researchers have also used a data-driven approach to examine the latent dimensions of mind
perception [79, 82]. The data-driven approach is useful as it allows the data to “speak for itself”
[119]. In other words, it may allow for any unexpected structure in the data to be revealed more
easily than if a structure was imposed onto it a priori.

Recognizing whether a scale was developed using a theory- or data-driven approach is important
for determining whether the construct is clearly defined (i.e., applying guideline question 1). In
the case of the theory-driven approach, the definition may be clearly linked to existing theoretical
frameworks and may be stated toward the beginning of the scale development paper. If a scale
developer used a data-driven approach, then the definition will likely arrive toward the end of the
paper once the analysis has revealed the underlying structure of the construct. Regardless, both
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approaches should lead to the same destination: a clear definition of the construct that is explicitly
stated somewhere in the paper.

In some cases, one construct will have different scales that state different, and sometimes
competing, definitions of a proposed construct. For example, Malle and Ullman [80] and Lee
and See [72] explicitly defined trust in terms of vulnerability assumed by one individual in a
dyad, while Yagoda and Gillan [124] defined the construct in terms of performance, function, and
semantics. Different definitions highlight alternative views on complex constructs and promote
growth in the field by encouraging empirical comparisons. For example, in the context of the
aforementioned competing trust definitions, a researcher could design an experiment to test
whether vulnerability is a necessary component in developing trust with a robot. These types of
investigations then strengthen the existing understanding of the construct either by affirming one
definition over another, or by pushing researchers to consider additional factors that have been
previously overlooked.

Additionally, a good definition can help the reader determine whether the scale is appropriate
for their purposes, i.e., answering the question: “Is this measuring what I want it to?” For example,
a researcher interested in measuring trust in HRI contexts more broadly will likely not want to use
a measure that has defined trust in other contexts (e.g., Charalambous’ scale for use in industrial
contexts [26]). A good definition can also help researchers more precisely determine what it is they
are interested in investigating. For example, a researcher may initially believe they are interested
in trust but after reading through the stated construct definitions they may realize that their true
interest is in acceptance or intention to use the robot.This determination is the first, informal, step in
the process of determining construct validity, or the degree to which a measurement tool accurately
measures what its intended to measure (see guideline question 3 for more details on this topic).

Importantly, we recommend the reader consider both their research goals and the quality of
the scale development process together when making a determination to include the scale in their
research. In a perfect world, researchers will have their pick of scales that have all been developed
adequately with differing construct definitions that can provide a more fine-grained fit to their
research goals. However, we recognize that this is not currently the state of the field and therefore
suggest that the reader considers all aspects of the scale, including the development process, when
making their choice.

In conclusion, although good definitions are the ideal, we suggest that as long as a definition
is provided clearly in the text of the scale development paper, the scale can receive a point for
this guideline item. Taking the time to evaluate the construct definition provides the reader with
adequate information to proceed to the next step which is item evaluation.

Take home: The reader should look for a clear and precise definition of the construct. Scale developers
can develop construct definitions by using a theory or data-driven approach depending on whether an
agreed-upon theoretical framework of the construct exists or does not, respectively.

Question 2: Is the item generation process discussed (e.g., via a literature review, the Delphi method,
crowdsourcing)? Best practice in scale development is to include some description of the item
generation process. Ideally, the paper should start with a large pool of items (usually 2–3 times
larger than the desired end total) that captures the construct of interest [66, 104]. There are many
ways authors of scale development papers may conduct this process. In this tutorial, we highlight
three common methods: a literature review, the Delphi method, and crowdsourcing.

Scale developers often use a literature review to generate scale items. This process first entails
thoroughly reviewing the existing scales (if any exist) as well as the theoretical and empirical
literature within the topic of interest. Then the scale developers may identify specific items or
phrases that they deem to be directly relevant to the construct they intend their scale to measure.
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Scale developers choosing to generate items using this approach will likely already have some idea
or theory about the construct in advance of the scale development process. Ideally this theory will
be outlined in the scale development paper to provide clear motivation for both the stated definition
and the specific items included in the initial version of the scale. As previously mentioned, a good
example of a thorough literature review during the process of scale development is the one reported
in Malle and Ullman [80], but there are many other examples in HRI [6, 61, 68, 108].

Another method for item generation is the Delphi method [76]. In this method, experts are
recruited to a panel to evaluate whether the scale items adequately capture the construct of interest.
The process is iterative and requires each expert be consulted at least twice per item (i.e., once
initially and then a second time after considering anonymized feedback from other experts on the
panel) [71].Thismethod is often implementedwhen the scale developer is not a subject matter expert
in the construct they aim tomeasure. Regardless of the expertise of the scale developer, it is generally
considered good practice to consult experts in the field during the item development process.

The final item generation method we highlight is what we refer to as the “crowdsourcing”
method. Crowdsourcing refers to a broad variety of methods where lay persons are recruited to
consider their interpretation of the construct and provide their explicit thoughts about items or
stimuli. Some specific examples of crowdsourcing include asking participants to sort potential
items which are provided by the researchers into categories. The categories represent theoretically
hypothesized factors underlying the construct of interest which have been previously determined
by the researchers. An example of this approach can be found in Hoffmann et al. [61].

The crowdsourcingmethodmay also include conducting structured interviewswhere participants
view stimuli (e.g., a video of a robot moving through space) and are asked questions that pertain
to specific components of the construct of interest. For example, in their development of a trust
measure, Charalambous et al. [26] asked participants to observe a robot executing a task and then
complete an interview where they were asked to discuss their thoughts about the interaction. This
interview was conducted in an effort to identify relevant themes related to trust. The researchers
then developed items from those themes. Alternatively, crowdsourcing can also be used to identify
problematic items, such as those that may not be easily interpretable by the target population (see
Section 4 for more details).

Each item development method has its respective advantages and disadvantages. If the scale de-
velopers consider themselves experts, then developing items via a literature review can be the most
efficient way forward. However, experts can impose bias, even implicitly, in the types of items they
choose to include in the scale. This has the potential to negatively impact the validity of the scale, as
it can mean that the construct is not adequately captured by the items. If the scale developers do not
consider themselves to be subject matter experts or they wish to minimize potential bias in the pro-
cess, it can be very useful to outsource expertise via the Delphi method or obtain lay understanding
via crowdsourcing. While these methods can potentially increase the validity of the scale by pro-
viding items for review that may not have previously been considered, it can also be difficult to find
willing experts. Additionally, the iterative process, in both cases, can be time-consuming and costly.
Importantly, these approaches are not mutually exclusive (i.e., any combination of methods can
be used to generate items) and in some cases, combining methods can offer significant advantages.

Take home: The reader should look for any information at all (e.g., description of a procedure, pilot
study reports, preliminary analyses) about how the items were generated (e.g., via literature review,
Delphi method, or crowdsourcing).

Question 3: Does the final version of the items capture the construct as it has been defined by the authors?
The first step in this process is to determine whether the items are listed verbatim anywhere in
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the main text of the paper or in the supplementary material. Without this information, the reader
cannot determine whether the items are appropriate for their research project.

If the items are listed verbatim, it is important to consider whether or not they capture the
construct as it has been defined. It is possible that the scale contains some ambiguous items or
that the items do not actually measure the construct as defined. For example, in the development
of their trust scale, Yagoda and Gillan [124] reported that their goal was to develop a measure of
trust in HRI contexts. However, the majority of the paper was devoted to the determination of
dimensions of HRI (e.g., team configuration, context, systems). These dimensions were not specific
to their construct definition of trust and in fact were entirely separate from it. The development of
the trust items and dimensions, such as reliability or accessibility, were secondary. Importantly, the
authors did not completely capture the construct as it was defined.

At this stage of the evaluation process, it can be helpful for the reader to refer back to the definition
of the construct to see if it includes an explanation of the attitudes or attributes that the proposed
construct does not encompass. For example, Malle and Ullman’s [80] stated definition identified
performance and morality as the two main components of trust. The precise definition reported
in their paper was a result of a thorough literature review combined with a rigorous validation
study of their measure of trust. Therefore, it is up to the reader to review the items thoroughly in
order to ensure that they encompass performance trust and moral trust and nothing more or less.

This process of checking the items and their match with the reported definition of the construct
is related to an important facet within psychometric theory known as construct validity. Construct
validity refers to the degree to which a measure actually measures the construct it is proposed to
measure [36]. There are many ways to formally check whether a measure has construct validity (see
Section 2.3 for more details); however, this initial informal check by the reader is the first step in the
process. It is not uncommon for the initial version of a scale to include items that measure factors
that are related to the construct of interest but do not actually represent an underlying dimension
that contributes to the variability in responses along the construct. In other words, initial versions
of scales often include items that do not exactly fit with the defined construct. Typically, during the
scale development process, specifically the item removal stage (see question 9 for more details on this
process), items that do not fit within the construct are removed from the final version of the scale. If
items are included in the scale that do not appear to be directly related to the construct as it has been
defined, that is a sign that the development process of the scale has not been adequately completed.
In these cases, the reader might also consider searching for another validated scale, if one exists.

Lastly, while ensuring that the items match with the construct definition, the reader should
check whether the items in the scale are clear and unambiguous. We suggest the reader personally
answer each item themselves. This process can reveal critical information that may deem the scale
to be not useful for the researcher’s aim.4 If the items are not easy to understand, the lack of
clarity may limit the population the scale is applicable to (e.g., college students). Additionally,
ambiguity can increase variability in responses that stem from misunderstanding and not from
participant differences across the latent construct. Relatedly, the reader should also ensure the
included items are conceptually redundant but not grammatically redundant [38]. This requires
evaluating whether the items are simply phrased differently but do not actually capture the full
range of the construct of interest. For example, “This robot looks happy” and “The degree to which
this robot looks happy” are so grammatically redundant that it is unlikely people would give a
different score. This is important to consider, as grammatical redundancy increases agreement
between items (i.e., reliability) but does not ensure the items capture the entire scope of the latent
construct [34, 38].

4We thank an anonymous reviewer for this excellent suggestion.
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Take home: The reader should ensure that the items are related to the reported definition of the
construct and also that they are clear and unambiguous.

2.2 Stage 2: Scale Development
There are two main approaches to designing and validating a new scale: Classical Test Theory
(CTT) and Item Response Theory (IRT) [37, 83, 97]. The assumption in CTT is that the partic-
ipants’ responses or overall score on a measure are a linear combination of their true ability with
random error. The goal in CTT is to get as close to the true score as possible by minimizing the
random error, or noise. IRT, on the other hand, is a more modern method that uses an item-level ap-
proach to determining item and person fit within the scale, or whether items and individual response
patterns fit within the hypothesized model. One of the more common IRT models is the Rasch
model. The Rasch model prioritizes invariance in measurement [120], or the ability of a test to mea-
sure the same construct consistently across groups or time points. The Rasch model can be thought
of as a theory for how the data should be structured, which can then be used to identify deviations
in observed data. In other words, the Rasch model is a process for fitting data to a model [4, 120].

While scale development methods vary, some steps are common to all. We outline these in
the scale development stage of our guideline, which includes seven questions. First, the reader
should ensure that the sample size of the validation study is appropriate for the scale. This requires
consideration of the number of items used in the initial study as well as the type of development
method the paper uses [30, 78]. Second, the reader should look for details regarding the analysis of
the relationship between the items and the dimensions underlying the construct of interest. The
reader should look for how many factors or dimensions5 were found, as well as the relationship
that exists between those items, factors, and the scale as a whole. The reader should also look for
some detailed information about the item removal process. Though CTT and IRT have different
approaches for item removal, there should be some description of the criteria used and how many
items were removed before the final scale is reported. Lastly, the reader should verify that the final
version of the scale is reported in the paper.

Question 4: Did the scale developers report the full initial set of items? At this stage, the reader should
first determine whether the scale developers have reported the full initial set of items they used
when developing the scale. This is important because it will allow the reader not only to determine
whether the items capture the construct (i.e., guideline question 3), but also whether the sample size
is large enough to determine a factor structure (i.e., guideline question 5). Additionally, the reader
can determine if the factor loadings for all the items meet the relevant stated criteria (i.e., guideline
question 8) and whether the scale developers removed items appropriately (i.e., guideline question
9). These are all key components of the scale development process and are related to two important
tenets of science: reproducibility and replicability. Sharing the initial set of items allows others to
reproduce the development process and results. This, in turn, supports the replicability of both the
experimental findings and the scale’s reported psychometric properties. Without the initial version
of the items, it will be very difficult to determine whether the scale has been accurately developed
and validated.

Take home: The reader should ensure that the developers of the scale made the full initial set of items
publicly available, either by reporting them in the main text of the paper, in an appendix, or in an
online repository.

5The terms factor and dimension are used interchangeably and mean the same thing: a psychological variable that represents
a component of the construct that is captured by the items within a scale.
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Question 5: Does the test sample size meet the 10:1 minimum criteria? The issue of minimum adequate
sample size for scale development has been extensively debated in the psychometric literature
[13, 38, 40, 69, 84]. Sample sizes should be large enough to ensure that the observed item to factor
relationship is stable and reliable [35, 38] and the stability of this relationship is dependent on the
stability of the correlations between the items [77]. These correlations can vary across samples
of all sizes, but they vary more in smaller samples than in larger ones [40]. It is well-known that
larger sample sizes reduce measurement error and it is important for any research study to aim to
minimize the amount of measurement error in the data [3, 32, 78]. In scale development, this has
many downstream benefits, including ensuring the stability of how the items fit to the factor or
factors that compose the construct, the replicability of the factor structure, and even potentially in
increasing the generalizability of the scale in different contexts (e.g., online vs. in-person or when
using different stimuli) [78].

While there is no universally agreed-upon rule for sample size within the psychometric literature,
several guidelines have been suggested. For example, one class of rules suggests fixed thresholds for
sample size (e.g., 300 [30, 111], 300–450 [50], and even 1,000+ [32]). Another class of rules suggests
applying a ratio of items to participants (e.g., from 5:1 [45, 56, 110] up to 15:1 or 20:1 [35, 51]).
Guadagnoli and Velicer [50] conducted a series of simulations which suggested that sample size
should be determined based on the strength of the item to factor relationship. They suggested that
strong factors can be interpreted confidently even with smaller samples, but weaker, less clearly
defined factors require larger samples to ensure reliable and replicable results. Relatedly, MacCallum
et al. [78] suggested that sample size should be dependent on the observed communalities (a measure
of the common variance captured by items in the scale, see guideline question 8 for more details).
The concern with determining sample size based on the strength of the item to factor relationship
is that it is almost impossible to know a priori what the strength of the relationship is.

Therefore, to reconcile these recommendations, we recommend the original 10:1 rule proposed
by Nunnally [92] and more recently by others [13, 87, 88]. This rule states that scale development
samples should have at least 10 participants for each scale item in the initial version of the scale.
However, we recognize that larger sample sizes are always better [51].

While the 10:1 rule may require quite large sample sizes in some cases, it is appropriate for devel-
oping measures in relatively more recent fields, like HRI. Many of the constructs and theories that
HRI researchers are interested in are still being developed. Therefore, adopting a more conservative
approach to sample size helps ensure the reliability and validity of new measures. Importantly, we
recommend applying this criterion to the initial sample size where the scale is tested, since this is
where the item reduction process begins.

We recognize that for practical reasons it is not always possible for a scale development paper to
meet this criterion. For example, an initial scale with 60 items would require a sample size of at least
600 participants in order to confidently conduct the rest of the scale development process (e.g., factor
analysis). This is not always feasible and therefore represents an opportunity for improvement
for future studies in HRI. Importantly, however, if a scale does not meet this criterion, it does not
necessarily mean that the scale should be discarded. It is up to the reader to determine whether
the reported sample size is acceptable for their purposes and if they are comfortable with the
conclusions drawn from the development process as a result.6

Take home: The reader should ensure that sample sizes for scale development studies follow the 10:1
(people to initial number of items) rule, though more participants are better.

6It is also possible to use additional statistical tests to assess the validity of a scale given the sample size a posteriori [121].
Of course, these results will not be accurate if the initial sample size was already too low.
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Question 6: Did the scale developers perform an Exploratory Factor Analysis (EFA), Principal Com-
ponents Analysis (PCA), Rasch analysis, or similar test to determine the item to factor relationship?
Determining the different factors that compose a construct, as well as how those factors relate
to each other is an important tenet within scientific research [36]. In psychometric theory, this
requires investigating how the items capture the underlying structure of the construct of interest.
The assumption is that the observed data pattern is a result of some relationship between the
items and the unobservable factors underlying the construct of interest. Here, factors are latent
variables that are thought to explain the correlations between scale items within the construct
being measured [97]. For example, Spatola et al. [108] reported four factors—sociability, agency,
animacy, and disturbance—that underlie the general construct of the perception of robots in HRI.
These factors suggest that robot perception is not captured by a single dimension, but by multiple,
separable latent variables. Combining these variables together provides a more comprehensive
measure of the overarching construct of the perception of robots.

There are many ways to investigate the relationship between items, factors, and the construct.
This investigation can be completed using methods such as EFA, PCA, or the Rasch model. Most
current scales are developed using one of these methods. It is important to note that PCA and factor
analysis approaches (such as EFA) differ in the way they treat variance from the items, sometimes
leading to different results [31, 40, 109]. There is a huge corpus of scholarly works devoted to
scale development using these methods. While it is beyond the scope of this article to provide
a comprehensive review of each of these methods, the interested reader can learn more about
factor analysis and other methods of investigating the relationship between items and dimensions
in the following resources: [43, 66, 93, 96, 97, 120] and see [12, 35, 41, 42, 46] for descriptions of
the similarities and differences between factor analysis techniques and PCA. What the reader
should ensure is that at the very least the study should include some description of how the scale
developers determined the item to factor relationship. We refer to this step in the process as the scale
development method and it should include mention conducting an EFA, PCA, or Rasch analysis.

Take home: The reader should determine whether the scale developers reported using at least one
scale development method (such as EFA, PCA, or Rasch) in their paper.

Question 7: Did the scale developers describe how they determined the number of factors? Determining
the number of factors within a construct is not always a straightforward process. A construct can
be unidimensional (i.e., consisting of only one factor) or multidimensional (i.e., consisting of more
than one factor). A unidimensional scale measures the construct along a single range from low to
high. For example, the perception of agency scale [112] is a unidimensional scale. A straightforward
example of a unidimensional construct is height, where an object’s size can be represented by a
single numerical value on a linear scale. Multidimensional scales like trust [26, 80, 113], negative
attitudes toward robots [91], or perceived morality [6] are common in HRI, since historically the
constructs of interest in this field have been complex and multifaceted. Multidimensional scales
measure a construct along different dimensions which are then typically combined for an overall
measure of the entire construct. For example, the construct of perceived morality of robots as
defined by Banks [6] can be separated into two dimensions: morality and dependency. These are
the two distinct, but related components of the more general construct of perceived morality. Each
dimension is measured separately and then later combined to give a measure of the construct. The
goal of the factor extraction process is to determine the number of factors that are necessary to
describe and interpret the data.

There are a number of different ways to determine the number of factors, and each way is
dependent on the scale development method used.The general process involves identifying patterns
in the responses to scale items that appear to group together.This is because items that are answered
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similarly, tend to reflect the same underlying (sub)factor. Then, the task is to determine how many
meaningful groups appear in the data. This involves considering how the items group together as
well as how much variance is explained by the groups individually and as a whole. There are many
methods for identifying the number of factors (e.g., scree plots [25], parallel analysis of random
data [62], and statistical tests such as chi-square test of residuals [7], very simple structure [98], or
minimum average partial [115]).7 The technical details of each of these tests is beyond the scope of
the article. The reader only needs to identify whether a method to determine the number of factors
was reported by the scale developers to apply this guideline criteria. If the scale developers used
Rasch, a method for verifying unidimensionality (e.g., a PCA of the standardized residuals) should
be discussed in the scale development paper.

Take home: The reader should verify that the scale developers reported how they determined or
verified the number of factors that exist within the construct.

Question 8: Did the scale developers provide factor loadings (EFA or PCA) or item fits (Rasch) of all
items? After determining the number of dimensions, the paper should report the relationship
between the items and the construct (including the dimensions). For EFA, this includes reporting
factor loadings for each item. Factor loadings represent how well each item correlates with all the
other items in that dimension (i.e., how well the items group together within a factor), or how
much variance or covariance each latent factor is capable of explaining [40]. Higher values are
better; a typical minimum factor loading is 0.6 [92].

Once the factor loadings are obtained, the factors are typically rotated so that the simplest
underlying structure can be revealed. Each factor can be imagined as an axis in a coordinate
system (e.g., a two-factor solution forms a two-dimensional Cartesian plane), and each item is a
point in that space. The factor loading represents how closely each item aligns with a factor, or
its distance from the axis [40]. In the initial, unrotated solution, the factors are extracted in order
of variance explained [51], which can result in complex or even uninterpretable solutions [88].
Rotation repositions the axes relative to the items without changing the structure of the items, to
create a more interpretable solution [51]. Rotation can either be orthogonal (assuming factors are
uncorrelated and keeping the relationship between the axes constant) or oblique (assuming factors
are correlated and allowing axes to shift closer together if necessary) [40, 51, 88].

Communality values are also sometimes reported when using factor analysis techniques. Com-
munality refers to how much a variable shares variance with other variables. Higher communalities
are better [40]. Rasch analysis uses outfit and infit measures [15, 123]. Infit is a goodness of fit statis-
tic [122] and is the weighted average of the squared standardized residuals, where each residual is
weighted by its variance [102]. Outfit, the most common method of evaluating a Rasch model, is an
unweighted fit statistic, and is ameasure of howwell the data fit themodel [102]. Outfit is sensitive to
large departures frommodel expectations [102]. Generally, Rasch items showpoor fitting itemswhen
an outfit is higher than 1.5 [75]. The reader should ensure that the scale developers have explicitly
reported using these values in determining the number of factors and the item to factor relationship.

Additionally, we recommend that the reader not just consider the factor loadings for each item,
but also evaluate how the items fit to the factor as a whole. More specifically, after reviewing factor
loadings for each item, it can be beneficial to take a broader perspective to assess whether the items
represent the definition or label of the factor as outlined in the paper.

Take home: The reader should look for quantitative values that indicate how the items in the scale
relate to the construct of interest. These values can be in the form of factor loadings (if the scale

7See [128] for a comparison of these methods. Also note that these methods are specific to those scale development papers
using EFA or PCA, as the Rasch analysis method should only be used on unidimensional data [15, 47].
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development process used an EFA or PCA), communalities, or in the form of infit/outfit values (if used
Rasch analysis).

Question 9: Is there a description of the item removal process (e.g., using infit/outfit, factor loading
minimum values, or cross-loading values)? Removing items that are not relevant to the domain of
interest, or item reduction, is a critical step in the scale development process. It is very likely that
the initial set of items in its entirety will either not be appropriate for the construct or will not be
able to capture the full scope of the construct.8 Having a principled way of removing items that do
not fit with the construct is necessary, as is the detailed reporting of that procedure.

There are many different ways to remove items, and each method depends upon the scale
development method. For example, if the scale was developed using an EFA then the items might
be removed based on factor loading values < 0.3 [13] or high cross-loading values (e.g., values > 0.4
of one item across two or more factors) [56]. Those using the Rasch model may remove items
according to fit statistic values used to determine item fit to construct, such as infit > 0.6 [47] or
outfit < 1.3 [16]. The exact criteria used will likely vary across publications, though it is important
to determine whether the criteria were applied consistently within one publication.

Items can also be removed if they are redundant with other items [38]. As mentioned in question
3, when an item is redundant, that means that there is more than one item that captures the factor
to a similar level. This is distinct from removing items due to lack of fit with the construct. In that
case, the item is measuring a different construct which can add noise to participant responses and
mask the true structure of the construct. In the case of redundant items, there is also an increased
risk of additional noise but from an entirely different source, such as boredom or fatigue [59, 94].
If multiple items capture a specific aspect of the construct, it is not necessary to include all of
them in the final version of the scale and therefore, scale developers may remove those redundant
items. Additionally, since shorter scales are often more easily incorporated into research projects,
considering and removing redundant items is an additional step that should be reported in the
paper. The methods for removing redundant items are dependent on the scale creation method, but
well-built scales should report how redundant items were removed.

Regardless of the specific details, the reader should determine whether or not the scale had
consistent criteria for this process. Importantly, they should be able to use the information reported
in the paper to replicate the process from start to finish in order to be confident that the scale
development process was adequately completed.

Take home: The reader should determine whether items were removed from the final version of the
scale. If items were removed, the reason (e.g., lack of fit or redundancy) should be explicitly mentioned;
quantitative criteria should also be reported when possible.

Question 10: Did the scale developers report the complete list of items included in the final version of the
scale? Providing the final version of the scale in the publication is critical. This ensures accessibility,
replicability, and, importantly, that the scale is used as intended. If the items are not listed verbatim,
there is an increased chance of future studies incorporating a scale that includes items that do not
adequately measure to the construct. This is problematic, as the inappropriate use of a scale can
waste valuable resources, and even potentially lead to false conclusions drawn from faulty data.

The reader should look for a table in the scale development paper that lists the items included in
the final version of the scale in the main text, in an appendix, or, in rare cases, as a download-friendly
document that includes instructions for administration and scoring.

8In the unlikely event that items were not removed from the initial to final versions of a scale, the reader does not need to
evaluate this guideline item.
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Take home: The reader should look for the final version of the scale in the main text of the publication,
in an appendix, or in an online repository.

2.3 Stage 3: Scale Evaluation
Scale evaluation occurs after the original scale is created and attempts to answer the following
three questions.

Question 11: Did the scale developers include a factor structure test (e.g., additional EFA,Confirmatory
Factor Analysis (CFA), Differential Item Functioning (DIF), test of unidimensionality if using
Rasch, or similar)? After a scale has been created, it is best to determine if the scale has the same factor
structure on a different sample. If factor analysis was used to create the scale, it is common to use a
CFA to test the factor structure. When using CFA, the latent structure uncovered during the EFA is
used as a hypothesized model on a new set of data [125]. To conduct a CFA, the researcher uses the
results of the initial factor analysis as a set of model parameters for a CFA. They then examine how
well the CFA fits the data; most researchers will report a series of fit statistics, including RMSEA,
Tucker Lewis Index (TLI), CFI, and Standardized Root Mean Square Residual (SRMR)
[19, 20, 54], though others can also be used. Each fit statistic has a heuristic value that the CFA
should be under (or over). For example, Hu and Bentler [63] recommended the following thresholds
for fit indices: CFI ≥ 0.95, TLI ≥ 0.95, RMSEA ≤ 0.06, and SRMR ≤ 0.08. A CFA should thus report
some measure(s) of fit and the acceptable range.

Methods of scale creation besides factor analysis typically use alternative methods to determine
whether a scale has the same structure. For example, scale developers using the Rasch method will
typically focus on measurement invariance using DIF [16, 120]. DIF examines two different groups
of respondents (e.g., male/female or old/young or US/Japan) to determine if the model fits the data
for both groups equally as well.

Sometimes a CFA or DIF will discover a weakness in the original scale, such as an item that does
not work as well as expected, suggesting that the item should be removed, replaced, or corrected
in some way. In cases like this, the reader may find that the scale developers conducted a second
CFA on a different group of participants. This second CFA examines the factor structure of the
updated scale, and the same fit criteria can be applied to the results. Importantly, these tests (e.g.,
CFA/DIF) while valuable, represent only one step in the validation process (see guideline question
13 for more details on proper scale validation methods).

Take home: The reader should check to see if there is a test for factor structure. A CFA on a new
sample or a DIF (Rasch) are common approaches.

Question 12: Was a measure of reliability (e.g., Cronbach’s alpha, McDonald’s lC or lℎ , Tarkkhonen’s
Rho) reported? Reliability refers to the principle that a measure produces similar results under
similar conditions and is related to one of the core components of science: replicability. For a scale
to be considered adequately developed and validated, it must both measure the construct it is
intended to measure (i.e., have construct validity) and do so reliably. In addition, reliability is a
starting place for establishing scale validity, as a measure cannot be more valid than it is reliable
[100]. This is because a scale can reliably measure an unintended construct (i.e., making it a reliable
but not a valid measure of a construct) but it cannot be valid unless it is also reliable. In other
words, reliability is a necessary, but not sufficient, prerequisite for validity.

In the context of scale development, an important component of reliability is the internal
consistency of the scale. Internal consistency refers to the degree of interrelatedness among the items
[33, 48]. In order to establish internal consistency, the sources of error in a scale must be determined.
Omega total (lC ) and Omega hierarchical (lℎ) are good measures of internal reliability [34, 99].
lC is a measure of the amount of variance attributable to a general factor (the primary latent
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variable) and specific factors while lℎ is a measure of the amount of variance attributable to only
the general factor. lC can be used for both unidimensional and multidimensional scales, while lℎ

should only be used for multidimensional scales [27].
Cronbach’s coefficient alpha (U) is another metric that can be used in conjunction with lC or lℎ .

U represents a measure of the degree to which the items in a scale measure the same construct.
Therefore, a high U value means that the relationships between the items account for most of the
overall variability. U has been critiqued previously [28, 34, 52, 106, 127] because of its dependence
on the total number of items or the assumption of tau-equivalence (i.e., that all items have the same
quantitative relationship or factor loadings with the underlying construct).

Many scale developers use U ≥ 0.70 as a traditional heuristic. This often-cited standard threshold
for reliability comes from Nunnally [92]. Interestingly, a closer inspection of the original text shows
that this is in fact a misrepresentation. Nunnally [92] writes:

In the early stages of research on predictor tests or hypothesized measures of a construct,
one saves time and energy by working with instruments that have only modest reliability, for
which purpose reliability of 0.70 or higher will suffice… In contrast to the standards in basic
research, in many applied settings a reliability of 0.80 is not nearly high enough. (p. 245)

This implies that U = 0.70 is a useful starting point but certainly not adequate for applied research
settings. This is particularly relevant in HRI researcher when results inform decisions that impact
society, such as deploying robots during military operations or when introducing a robot to
an industrial setting where humans are present. As a result, we suggest a minimum value of
≥ 0.80 for low-stakes research and ≥ 0.90 for high-stakes measures. Additionally, Cronbach’s U
is only a valid statistic for unidimensional scales [33]. Therefore, in the case of multidimensional
scales, U values should be reported for each subscale individually. For both U and l , higher values
are preferred.

Importantly, it is still crucial that the scale developers report the reliability of a scale in cases
where the value is low or below the acceptable threshold. Low reliability may be due to various
factors out of the scale developer’s control (e.g., the scale may not be the best measure of the
construct; participants may not be answering correctly or honestly; stimuli may be out of bounds
for the scale). Reporting reliability measures (even when they do not meet the minimum criteria)
allows for the potential that future experiments and validation studies can account for these
problems. Some scale developers remove an item from the scale to increase their alpha. We do not
recommend this process for a number of reasons. It can lead to falsely inflated alpha values due to
increased homeogeneity between the remaining items, lead to a reduction in the ability of the items
to capture the construct, as well as lead to the removal of potentially meaningful measurement
error that was captured by the discarded item.

Lastly, during the scale development phase, data collection methods may vary across studies.
For example, some studies are conducted entirely online (e.g., [112]) while others are in-person
(e.g., [68]). To our knowledge, there is no theory about the relationship between data collection
methods and reliability, particularly in HRI contexts (though see [89] for a review of the impact of
interaction types on scale responses in HRI contexts). The current assumption is that the results
should be reliable across these different contexts and environments.

Take home: The reader should look for some test of the scale’s reliability in the paper. This can
be completed using metrics such as McDonald’s lC or lℎ in addition to Cronbach’s coefficient U . A
reasonable minimum threshold for reliability regardless of the measure is ≥ 0.80.
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Question 13: Was a test of validity (e.g., predictive, concurrent, convergent, discriminant) reported?
Establishing validity is a vital step in the scale development process. Validity measures the extent
to which the scale actually measures the latent dimension it was developed to evaluate and is a
fundamental concept within psychological measurement [36, 85, 96]. Importantly, and as previously
mentioned, a scale cannot be valid unless it is also reliable. The concept of validity can be split into
subcomponents such as criterion and construct validity [13, 36]. Criterion validity refers to the
degree to which the current scale’s scores relate to the same construct measured by another scale
or in another context that is of interest to the scale developer [38, 96]. Criterion validity further
breaks down into predictive and concurrent validity. Predictive validity measures the degree to
which performance on the current scale predicts performance on another scale taken at a later time
[2]. Concurrent validity measures the degree to which the performance on the current scale relates
to performance on a criterion (gold standard) measurement [36]. Typically, the two measures are
administered at the same time or consecutively (hence “concurrent”). It is common, however, that
no gold standard measure exists, making evaluation of concurrent validity impossible [13]; this is
especially true in HRI research.

Construct validity on the other hand typically refers to the extent to which the scale measures
what it was developed to measure and how much it is associated with other factors within the
domain [13, 17]. Construct validity can be measured in many ways [22, 29] though we highlight
two common approaches here: convergent validity and discriminant validity. Convergent validity
refers to how well the new scale correlates with other variables that are designed to measure similar
constructs [22]. Discriminant validity refers to the extent to which the scale differs from other
unrelated constructs [96]. Discriminant validity is measured by analyzing correlations between
the measure of interest and other measures that do not measure the same domain or concept [13],
where weaker correlations are expected.

The comparison of the scale to others in the field has the potential to offer useful informa-
tion. Though this comparison is just one avenue to confirm the validity of the scale, it is fairly
straightforward to conduct if there are other measures that are related to the one that is being
developed or validated. Additionally, according to the Multitrait Multimethod (MTMM) method
[22], it is recommended to conduct at least two types of validity, for example, convergent and
discriminant validity, to ensure that the construct is being adequately captured and is distinct from
other, unrelated constructs (see [5] for more details on the MTMM method). It is important to note
that the types of validity assessments we have surveyed here do not represent an exhaustive list of
the possibilities. The interested reader should see [1] for a more comprehensive resource.

Lastly, it is often the case that, due to practical constraints (e.g., limited time and resources)
a rigorous and formal validation study is not conducted or reported. While we believe formal
validation to be a critical step in the scale development process, its absence in the process does not
preclude a scale from being used or even from being considered a useful measure. We recommend
readers interested in using a scale that has not been formally validated consider conducting
a formal validation study (and publishing the results). Additionally, validation analyses (e.g.,
computing a CFA or correlations for discriminant or convergent validity) can easily be integrated
into ongoing research projects and these results can be reported alongside standard reliability
estimates. Therefore, we strongly encourage readers to validate (e.g., by conducting a CFA) any
scales they use, especially if the scale has not previously been validated. At minimum, they should
explicitly acknowledge the lack of validation as a limitation in publications or presentations.

Take home: The reader should look for assessments of validity of the scale. Typically, this includes a
comparison of the scale of interest to others in the field and see if there are any relationships that exist.
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2.4 Interim Conclusion
At this point, we hope the reader has developed a basic understanding of the different types
of analyses that are part of the scale development and validation process. Here, we will briefly
summarize the information that was provided in this guideline.

The first stage, item development, involves determiningwhether the scale measures a well-defined
construct. The scale developer can do this either by starting with a clear theoretical framework
from existing literature or by using a bottom-up approach, where the construct’s definition emerges
from analyzing the data structure revealed during pilot testing. The reader should also ensure that
the item generation process is discussed. Additionally, the reader should pay close attention to the
match between the definition and items so as to ensure that the entire construct is captured and
no items are incorrectly included in the final version of the scale. This should help the reader be
sure that the scale is measuring their desired construct. Item development is a critical step in the
process of choosing the “perfect” scale.

The second stage, scale development, delves into the more technical aspects of the process. The
first step in this stage is to determine whether the scale developers reported the full initial set of
items used in the development process. Then the reader must ensure that the pilot sample was large
enough to conduct the appropriate analyses using those items. The guideline recommendation is
that the sample size is at least 10 participants for every item in the initial version of the scale that
is tested (e.g., 120 participants for a scale that contains 12 items). The reader should next identify
which method was used to determine the underlying factor structure of the construct. There are
many different and accepted methods for this process and the reader should look for at least one
method. The method should detail some explanation of how the number of factors was determined
and how the items are related to the factors (sometimes also called dimensions) that make up the
general construct of interest. This stage also involves item reduction or removal, and the reader
should look for details on this process, particularly regarding the threshold or inclusion/exclusion
criteria that was used. Lastly, the reader should determine whether the paper has clearly included a
list of the items in the final version of the scale.

The third and final stage, scale evaluation, consists of reliability and validity checks. First, the
reader should look for a test regarding the consistency of the reported factor structure. Second,
the scale should have some acceptable measures of reliability. Ideally, the scale developers will
have computed lC or lℎ for the scale, depending on the dimensionality, in addition to Cronbach’s
coefficient U . Lastly, the reader should look for a test of validity.

Throughout the critical analysis of a scale, the reader should look for consistency in the reporting
of the scale development process. More specifically, for a well-developed scale, thorough and
consistent documentation should be provided for the entire process, from item generation through
validation. While reviewing the scale, the reader should not be left with unanswered questions
about specific aspects of the process, such as how or why items were removed or which items were
included in the initial EFA. If inconsistencies exist (as they sometimes do), it should be clear exactly
where and why they occurred. This transparency is crucial to ensure that the scales used in HRI are
both reliable and valid measures. If the scale fails to meet these standards, its validity and overall
utility should be critically reevaluated.

In addition, while pre-registration is more commonly associated with experimental studies, it can
also play a valuable role in scale development. Pre-registering the scale development and validation
plan, including sample size estimates, can further support transparency and strengthen the replica-
bility of the process. Additionally, in cases where there appears to be gaps in the documentation, the
reader may consider directly contacting the scale developers for further clarifications. This direct
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Table 1. Applying the Guideline to Two HRI Scales

Stage Question Godspeed RoSAS

Item Development (1) Construct defined? Ø Ø
Item Development (2) Item generation process discussed? × Ø
Item Development (3) Final items capture the construct? × ×
Scale Development (4) Full initial set of items reported? × Ø
Scale Development (5) Person:initial items 10:1? × ×
Scale Development (6) EFA, PCA, Rasch to determine item:factor? × Ø
Scale Development (7) Factor extraction method discussed? × Ø
Scale Development (8) Factor loadings or item fits provided? × Ø
Scale Development (9) Item removal process described? × Ø
Scale Development (10) Final version of scale reported? Ø Ø
Scale Evaluation (11) Test for factor structure? × Ø
Scale Evaluation (12) Reliability reported? Ø Ø
Scale Evaluation (13) Validity reported? × Ø

communication can allow the reader to more efficiently make informed decisions about scale selec-
tion and interpretation rather than making assumptions. These conversations may also provide ad-
ditional confidence in the process as the reader may learn more about how the scale was developed.

Armed with all of this information, the reader should now feel more confident in critically
analyzing existing scales and their corresponding validation reports (see Appendix A for a glossary
of terms and Appendix B and Table B1 for a printer-friendly version of the guideline). To further
increase this confidence, we next briefly turn to two examples from the HRI literature and apply
the guideline to evaluate whether these scales meet the minimum acceptable criteria as has been
suggested here.

3 Evaluating Existing HRI Scales
This section will use the guideline presented in this article to evaluate two scales that are frequently
used in HRI—the Godspeed Questionnaire [10] and the RoSAS [23]. We first briefly describe each
paper and evaluate each scale in turn according to the guidelines (see Table 1 for a brief summary).
The Godspeed questionnaire was developed as a tool to measure commonly used concepts related
to the perception of robots in HRI contexts. It consists of five different questionnaires that are
assumed to capture the concepts of anthropomorphism, animacy, likeability, perceived intelligence,
and perceived safety. The RoSAS was developed to measure the social perception of robots [23]. It
consists of three underlying scale dimensions: warmth, competence, and discomfort.

When the guidelines are applied to the Godspeed scale, it is clear that it does not meet the
acceptable standards to be considered a reliable or valid scale. The Godspeed scale is composed
of five different scales that are assumed to capture different dimensions within the broader con-
struct of the perception of robots. Four of these five scales are custom scales that were developed
in previous publications to measure distinct constructs [73, 86, 95, 117] and then these custom
scales were combined into the larger Godspeed scale. There are several psychometric concerns
with this approach. First, many of the details about item construction/removal, factor/dimension
identification, and investigations of the relationship between items and factors are relegated to the
original publications, making critical analysis of the scale more difficult for the reader as they must
track down and apply the guideline to the original validation studies to determine if the scale is
useful for their research. Additionally, items that were included in the final version of Godspeed
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Table 2. Applying the Guideline to Two Anthropomorphism Scales

Stage Question Bartneck et al. [10] Powers and Kiesler [95]

Item Development (1) Construct defined? Ø ×
Item Development (2) Item generation process discussed? × ×
Item Development (3) Final items capture the construct? × ×
Scale Development (4) Full initial set of items reported? × Ø
Scale Development (5) Person:initial items 10:1? × ×
Scale Development (6) EFA, PCA, Rasch to determine item:factor? × Ø
Scale Development (7) Factor extraction method discussed? × ×
Scale Development (8) Factor loadings or item fits provided? × ×
Scale Development (9) Item removal process described? × ×
Scale Development (10) Final version of scale reported? × Ø
Scale Evaluation (11) Test for factor structure? × ×
Scale Evaluation (12) Reliability reported? Ø Ø
Scale Evaluation (13) Validity reported? × ×

were modified versions of the original items and only U was reported as a reliability measure on
the new items. It is not appropriate to assume that large changes to items or scales will have the
same psychometric properties as the original scale. This approach also is unfair to the original scale
creators: they do not get citations or other types of credit for doing the original work.

To see some of these issues more clearly, we can take the anthropomorphism scale as an example
and evaluate the Godspeed version and the original version using the guidelines (see results in
Table 2). The Godspeed version of this scale (reported in [10]) meets three of the criteria: adequate
construct definition, final version of scale reported, and reliability test results reported. However,
the studies that the reliability values came from were detailed in other papers [8, 9] which were not
scale development papers. Additionally, only reliability (U) was reported as a metric of scale quality.
Since the anthropomorphism items within Godspeed are modified versions of the originals from
the “humanlikeness” scale reported in Powers and Kiesler [95] it can be argued that the guideline
should be applied directly to that scale. In doing so, we see that some additional criteria were
met, specifically that the scale development method was mentioned. However, there are still many
critically important details missing from the original paper, including a precise definition of the
construct as well as a detailed explanation for how the number of factors was determined and how
the items related to those factors. At present there is evidence that neither the Powers and Kiesler
[95] nor the Godspeed anthropomorphism scale [10] were adequately developed and validated.

Although the customization approaches reported in Bartneck et al. [10] to develop the Godspeed
scale are not ideal, that does not mean that it is inappropriate to use the scale in all cases. A crucial
component missing from the original publication was that the Godspeed scale was not assessed as
a whole. There was no report of how well all of the items fit together across the scales to measure
the perception of robots. There were no reported reliability or validity tests of the scale as a whole
in any context within the original publication [10] nor were there any citations to studies where
the scale was separately validated or assessed. This lack of information makes it impossible for
the reader to evaluate whether the scale is a useful or even adequate measure for their research
purposes. If the authors of the Godspeed scale had included these analyses initially it may have
been easier for the readers to assess its adequacy as a measure of perception of robots. Additionally,
it may have been clear at that point that more scale development was needed as it has since been
shown that some of the scales included within Godspeed are not adequate measures of the proposed
constructs (e.g., see [23, 60, 65]). Thus, based on the results from this evaluation, the Godspeed
questionnaire should not be considered a valid measure of user perception of robots in HRI settings
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until further validation studies are conducted (though see [60] for a validated scale measuring some
of the constructs of interest in Godspeed).

When the guideline is applied to the RoSASwe see that it meets almost all of the guideline criteria.
The article reports a clear definition of the construct of social perception of robots as consisting
of three factors, two of which were determined via a literature review, and the third, discomfort,
was determined as a result of the scale development process. The item generation process was
described in detail throughout three studies and the items evolved from the original items used in
the Godspeed questionnaire to items that were found to more accurately reflect the underlying
factors within the construct. Additionally, in study 2 the authors reported including many additional
items (83 total) to ensure that the full range of the construct was captured. However, they did not
report those items, making it difficult to determine whether they adequately captured the construct.
Notably, the construct of “social attributes of robots” is quite large and therefore it is unlikely that
the items fully capture the construct as it is defined in the article. Additionally, the sample size
for the pilot studies was not adequate per the 10:1 guideline criterion (N = 210). Item removal and
analysis of factors/dimensions to items were described in studies 2 and 3 for the factors warmth
and competence (study 2) and discomfort (study 3). Factor loadings from EFAs were the primary
way by which both of these analyses were conducted. Results from EFA, reliability analysis, as well
as the validation study (study 4) were included in the article as well which allows for the RoSAS
to meet the guideline criteria for reliability and validation. Therefore, based on this analysis, the
reader can consider RoSAS a valid scale and feel confident incorporating it into their research.

Our comparison of two extensively utilized scales within the HRI community demonstrates that
the frequency of usage does not necessarily correlate with quality. We aim for these guidelines to
empower readers to select the most suitable scale for their research question, rather than defaulting
to the most commonly employed one. If the reader finds themselves needing a scale to measure
constructs that are specific to Godspeed and not captured by RoSAS (e.g., animacy or perceived
intelligence), we recommend seeking out newer alternatives that have undergone thorough valida-
tion. In certain instances, the search for existing scales may necessitate the adaptation of scales,
paving the way for the subsequent section.

4 Advice for Using Custom Scales
What should researchers do when they need to measure a latent construct? The best and strongest
idea is to find an existing scale and use the guideline to determine whether it has been psychometri-
cally validated. If this process was done correctly, the scale should have a strong majority of checks
using our approach. However, sometimes a needed scale may be too niche and, due to practical
constraints, the researcher might not have the time or expertise to create and validate a new scale.
The worst thing a researcher could do at this point is to haphazardly combine individual or all
concepts of interest without a systematic approach, resulting in the creation of either a single item
or a potpourri of items assumed to measure relevant aspects of a construct. The most common and
accepted approach is to generate a custom scale. The term “custom” here refers to any customization
of a scale, including adaptations or modifications from existing scales. A custom scale is defined
here as any scale that has not been validated.

There are many ways that a researcher could go about creating a custom scale. A researcher may
take a subset of items from an existing complete scale or subscale.9 This frequently occurs because
the original scale is too long and the researcher assumes that the shorter scale will be just as good

9Subscales refer to complete sets of items that load onto one factor in an existing validated scale. For example, the competence
subscale in the RoSAS consists of six items that are related to the intelligence or ability of the robot [23]. It is completely
acceptable to include only a subscale in a study.
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as the full scale. Unfortunately, removing items increases the possibility that the full spectrum of
the domain of interest is no longer represented. This is problematic as it can affect the validity of
the measure, and researchers can not claim the smaller scale has all the features of the validated
scale.10 In an ideal world, if a scale contains an item that is perfectly related to the construct then it
is acceptable to use that single item to measure the construct. However, the use of a single item to
measure a construct is still controversial in the literature [34]. Removing items is a nuanced process
that requires expertise. This motivates us to caution against the removal of items unless further
testing and validation is completed (e.g., EFA or CFA is conducted on the shortened scale). Those
with the proper expertise should feel free to customize a scale and report the changes as appropriate.

Another way that researchers may create a custom scale is to make up their own items based on
the literature, their own understanding, and perhaps even from other existing scales. Researchers
may also greatly change the wording of an existing scale. Small changes, such as adjusting tense,
gender, or changing the word “automation” to “robot” [64], are usually11 considered acceptable,
whereas large changes to wording or phrasing are not. In cases where an edit is made to an existing
scale, we recommend at the very least computing and reporting some measure of reliability as well
as validity (e.g., convergent), where possible.

Changing the response scale (e.g., range of a Likert scale) of an existing scale is not recom-
mended.12 In some cases, it can change the meaning of the scale (e.g., converting a scale with an odd
number of response categories with a midpoint to an even number of response categories would
force a choice in response by the participant). In some analysis methods (e.g., Rasch), the exact
response range is critical to generating acceptable data.These types of adjustments, while seemingly
arbitrary, can change the fundamental structure of the scale. Therefore, we do not recommend
making adjustments to response scales unless the intention is to conduct further scale development.

Another potential situation that the researcher may find themselves in is that they have found
a scale that has been developed and validated adequately, but it is not a valid measure in their
native language. For example, a validation on a translated version of the scale may not have been
conducted or specific items in the original version of the scale may have no direct translation into
the reader’s native language. In cases like this, there are a few paths forward. In an ideal case,
the researcher should translate the scale to their native language (using established translation
guidelines such as [53]), collect data on the translated version, and conduct a CFA using the factor
structure from the originally published paper. The reader should then report the translated scale
and the CFA fit indices (e.g., RMSEA, TLI, CFI) in a publication, even if the model fits do not meet
the minimum criteria.

However, practical constraints (e.g., lack of resources to collect additional data) may prevent a
researcher from conducting this type of analysis. In that case, the researcher might simply translate
the items into their native language and use it. When embarking on this path, it is important that
the researcher explicitly reports which language the scale has been translated from as well as a
report of reliability (e.g., l or U), at minimum. Additionally, the authors must also report a verbatim
list of the translated items (in their native language). It is critical to include the translated list of
items to ensure the replicability of the translated version of scale and increase comparability across

10Note that it is sometimes possible to remove items from a scale without significant negative impact to the ability of the
scale to measure the construct.
11We use “usually” here because, to our knowledge, there is no empirical evidence showing that the scale’s robustness is
affected by these minor changes. Researchers making small changes to scales are encouraged to investigate and report on
the scale’s reliability and validity.
12Note that while it is possible to change the endpoints of the scale it makes interpretation of results in the context more
complicated and makes the comparison between different studies challenging [105]. Therefore, for the purposes of the
target audience we caution against the modification of response scales.
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studies. Note that there are concerns with this method, as translating scales can be a difficult and
error-prone process. For example, different cultures may have different understandings or norms,
and idiomatic wording in either language can change the meaning of items and the scale [114].
Therefore, we recommend researchers proceed with caution and be as transparent as possible when
translating and reporting data from translated scales. (For the interested reader, see [11, 21, 39, 58,
101, 107] for more details on this process and some examples in HRI contexts.)

Relatedly, researchers may encounter situations in which they have found a “perfect” scale but a
portion of their sample does not speak the language in which the scale was originally developed.
In such cases, these participants may not recognize or fully understand some of the items in the
scale. It is important to confirm, before testing, that participants understand all items. In online
settings, this verification is typically not possible, therefore researchers should be aware of and
willing to accept this risk. In clinical settings, the use of a translator can help to ensure that the
intended meaning of the item(s) is preserved. However, if a scale includes items that can not be
directly translated, it may not be suitable for use with that population. As previously emphasized,
it is essential to consider the target population when selecting a scale to minimize these issues.13

If a researcher does decide to generate a custom scale, we recommend that the researcher be
explicit that the scale is a custom scale. We suggest generating 4–6 items [105] that the researcher
believes best capture the latent variable of interest and then describe the modifications or item
generation process. Additionally, reliability (i.e., Cronbach’s alpha and McDonald’s Omega) should
be reported for the custom scale in the current sample, not just the reliability of the original scale.
The danger of not performing these minimal steps is that other researchers may assume that because
your research got published, your scale must be valid; this is certainly something we want to avoid.
If future researchers want to use your scale, that is completely acceptable, but they would also need
to be explicit that the scale is a custom scale and has not been psychometrically validated.

Lastly, sometimes given the nature of the study, it is not possible to include a lengthy scale
that consists of a series of well-validated items. This could be due to a time constraint within the
experiment, repeated measurement designs, or budget and funding restrictions. In cases like this,
we recommend including as many items as possible that can adequately measure the construct.
Additionally, the researcher can look back in the development process to check for indicators of
items that might be weaker (e.g., low factor loadings compared to the rest). When using a shortened
scale, the researcher should conduct and report validation results on the new version, including
an EFA/CFA and reliability. This information is relatively easy to obtain via common statistical
programming software (e.g., R, SPSS) and is critical to include even if the validation of the shortened
scale is not the main aim of the research study or the results of the validation do not exactly pan out.
Additionally, this type of analysis may directly benefit the researchers if it validates the shortened
version of the scale as a measure of the construct. The goal is to use a valid measure of a specified
construct, and conducting these analyses is a crucial step in confirming its validity. Validation is an
important component for scale development, regardless of whether the scale has been developed
from the ground up or has been customized in some way. If the situation allows for the inclusion
of only a single item without conducting the adequate prior validation, then we recommend the
researcher clearly acknowledge the limitation of the measure in the article. The researcher should
also suggest (or conduct) a follow-up study which includes a longer, validated scale to which the
single item can be compared.

13While this guideline is not geared towards scale developers, we would like to note that we do not recommend complete
avoidance of low-frequency words when developing a new scale, as doing so may dilute the construct being measured.
Instead, we suggest, as a partial solution, that the scale developer consider incorporating crowdsourcing with the target
population during pilot testing. This can allow for direct feedback on how items are interpreted and can help identify
problematic items before formal testing.
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5 Conclusions
Our aim for this tutorial was to provide a straightforward guideline for those interested in thinking
critically about scales and the scale development process. Minimally, we hope that after reading
through this article, those in the HRI community, specifically those without direct training in
psychometric theory, are better equipped to critically analyze and implement existing scales into
their research. On the surface, implementing a scale is deceptively simple and easy. However,
determining whether that scale has been designed and developed appropriately is not a simple
process. We hope that our guideline has provided the information necessary to determine whether
that scale was developed and validated appropriately.

If the scale was constructed well and measures your domain of interest, it should not need to be
adapted much (or preferably at all) to fit the needs of the study. If the scale was not adequately
validated (i.e., the scale developers only reported U > 0.70) there are additional steps that should be
taken before incorporating the scale and interpreting its result. Alternatively, creating a custom
scale might be the appropriate course of action in many cases (e.g., due to time constraints or lack
of existing scales for a robot-related construct). Those researchers creating custom scales should be
extremely clear about the modifications made and the motivations for doing so and should do what
they can to ensure that the scale adequately measures the construct of interest (i.e., conduct an
EFA/CFA and reliability measure and report the results). This is to ensure that the new scale is a
valid measure of the construct but also to avoid custom scales that lead to custom scales (and so on
endlessly) that are never checked or validated.

If you are considering incorporating a scale into your project, it is important to start by tracking
down the original validation study of the scale you are interested in using. Then you can use this
guideline to determine whether it is a good measure of your domain of interest. If there is no scale
that exists (or the ones that do exist have not been adequately validated), it is likely that you will
need to start from the ground up and develop an entirely new measure. As previously mentioned,
this guideline should not serve as a reference for developing or validating your own scale. Those
interested in learning more about the scale development process can begin with these resources
[13, 16, 34, 70, 75, 97, 105, 120, 123].

HRI and robotics research have the potential for a broad impact on society. Maintaining rigor
and high-quality standards of our experiments and measures is essential to ensuring the impact
we have is a positive one. We hope this article can contribute to that ideal and serve as a useful
reference for any researcher interested in incorporating scales into their projects, regardless of
experience level or field of research.
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Appendices
A Glossary
Classical Test Theory (CTT). A scale development method where the assumption is that the partici-
pants’ responses or overall score on a measure are a linear combination of their true ability plus
random error. The goal in CTT is to get as close to the true score as possible by minimizing noise.

Communality. A measure of the common variance captured by items in the scale.

Confirmatory Factor Analysis (CFA). A test of the factor structure of a scale. Typically performed
after an exploratory factor analysis (EFA). When using CFA, the latent structure uncovered during
the exploratory factor analysis is used as a hypothesized model on a new set of data. Fit indices are
used to determine model fit.

Construct. A construct refers to the unobserved (i.e., latent) attitude, cognition, or attribute that is
the target of the study. Unobserved (or latent) in this context simply refers to a type of construct
that exists in the mind of the participant and cannot easily be directly observed. The term construct
can be used interchangeably with other terms such as domain and latent variable.

Construct Validity. Construct validity refers to the extent to which the scale measures what it was
developed to measure and how much it is associated with other factors within the domain.

Convergent Validity. Convergent validity refers to how well the new scale correlates with other
variables that are designed to measure similar constructs.

Cronbach’s Coefficient Alpha (U). A reliability measure. U is a measure of the degree to which items
in the scale measure the same construct. The value is based on the average interitem covariance.

Dimension. A psychological variable that represents a component of the construct that is captured
by the items within a scale. This term is also used interchangeably with factor.
Discriminant Validity. Discriminant validity refers to the extent to which the scale differs from other
unrelated constructs. Discriminant validity is measured by analyzing correlations between the

ACM Transactions on Human-Robot Interaction, Vol. 15, No. 2, Article 42. Publication date: January 2026.



Choosing the “Perfect” Scale 42:29

measure of interest and other measures that do not measure the same domain or concept, where
weaker correlations are expected.

Exploratory Factor Analysis (EFA). A method for determining the structure of latent variables and
their relationships within a construct.

Factor. A psychological variable that represents a component of the construct that is captured by
the items within a scale. This term is also used interchangeably with dimension.

Factor Loading. A value that represents how well each item correlates with all the other items in
that dimension (i.e., how well items group together within a factor), or how much variance or
covariance each latent factor is capable of explaining.

Infit/Outfit. Methods for assessing item fit in Rasch analysis. Infit is a goodness of fit statistic and
is the weighted average of the squared standard residuals where each residual is weighted by its
variance. Outfit is an unweighted fit statistic and is a measure of how well the data fit the model.

Item. An item refers to the direct questions, directives, or statements that make up a scale. Each
item within a scale is intended to capture the construct (i.e., attitude or behavior) either in part or
in full.

Item Response Theory (IRT). Item response theory uses an item-level approach to determining item
and person fit within the scale.

Latent Variable. The unobservable behavior, attitude, or attribute that is being measured. This term
is often used interchangeably with construct and domain.

McDonald’s Omega (l). A measure of how reliably a set of items measures a single factor or
construct. Omega total (lC ) is a measure of the amount of variance attributable to a general factor
(the primary latent variable) and specific factors (items). Omega hierarchical (lℎ) is a measure of the
amount of variance attributable to only the general factor. lC can be used for both unidimensional
and multidimensional scales, while lℎ should only be used for multidimensional scales.

Rasch. One of the more common IRT models is the Rasch model. The Rasch model prioritizes
invariance in measurement and can be thought of as a theory for how the data should be structured
which can then be used to identify deviations in observed data. In other words, the Rasch model is
a process for fitting data to a model.

Reliability. Reliability refers to the principle that a measurement produces similar results under
similar conditions.

Rotation. A method of rotating factor axes such that variables (items) load maximally onto factors.
Rotation repositions the axes relative to the items without changing the structure of the items.
Rotation can either be orthogonal (assuming factors are uncorrelated) or oblique (assuming factors
are correlated).

Scale. The term “scale” refers to any instrument that measures a behavior, attitude, or other latent
construct that is not directly observable.

Subscale. Subscales refer to complete sets of items that load onto one factor in an existing validated
scale. For example, the competence subscale in the RoSAS consists of six items that are related to
the intelligence or ability of the robot.
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