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Abstract: This article presents an empirical comparative assessment of the measurement quality of
two instruments commonly used to measure fuzzy characteristics in computer-assisted
questionnaires: a graphic scale (a line production scale using a slider bar) and an endecanary scale
(a 0-10 rating scale using radio buttons). Data are analyzed by means of multitrait-multimethod
models estimated as structural equation models with a mean and covariance structure. For the first
time in such research, the results include bias, valid variance, method variance, and random error
variance. The data are taken from a program that assesses entrepreneurial competences in
undergraduate Economics and Business students by means of questionnaires administered on
desktop computers. Neither of the measurement instruments was found to be biased with respect
to the other, meaning that their scores are comparable. While both instruments achieve valid and
reliable measurements, the reliability and validity are higher for the endecanary scale. This study
contributes to the still scarce literature on fuzzy measurement instruments and on the comparability
and relative merits of graphic and discrete rating scales on computer-assisted questionnaires.

Keywords: fuzzy measurement; endecanary scale; graphic scale; slider-bar scale; rating scale;
reliability; validity; multitrait-multimethod models; entrepreneurial competences

1. Introduction

Given a set of objects or individuals, the assumption that each of them may partially fulfill a
certain property lies at the grounds of fuzzy set theory. Following the conception of said theory [1],
the necessary foundations were developed for solving problems under this new paradigm in order
to make it possible to find better solutions to many common modeling problems under the condition
of uncertainty [2—4].

Much research has been conducted on the degree to which an object fulfills a property [5,6], and
using rating response scales may become essential in determining said degree of fulfillment, for
instance in the definition of fuzzy numbers [7-10] or linguistic variables [11,12], in graph theory [13-
15], in determining the intervals resulting in an experton [16,17], or in determining the levels of truth
in the forgotten effects theory [18].

Although there is no consensus on the ideal number of response alternatives that a response
scale should have, it has been demonstrated that solutions to certain problems may depend on this
number, which is used to measure the input variables [19]. Although it would seem reasonable to
expect more response alternatives to lead to better solutions, there are indications that the practical
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number of response alternatives is limited by our cognitive abilities [20,21], even if it is possible to
find solutions to some cognitive limitations [22,23]. Comparing response scales still constitutes an
open research problem [24], and evidence that takes into account the multiple facets of their
measurement quality (e.g., reliability, validity, and bias) is still lacking [25]. In respect of this, it must
also be taken into account that answering questions on a screen, as opposed to using a paper and
pencil, tends to change the rules of the game, and that computer-assisted questionnaires are
extremely diverse in nature [25,26].

The aim of this article is to compare a graphic scale (a line production scale using a slider bar)
and an endecanary scale (a 0-10 rating scale using radio buttons) on a questionnaire administered
using desktop computers. The slider-bar method is the standard measurement scale for the self-
evaluation of entrepreneurial competences, and the endecanary scale is a standard measurement
scale within fuzzy measurement.

This empirical study is based on a sample of 500 students enrolled in three undergraduate
economic or management programs run by the School of Economics and Business Studies at the
University of Girona (Spain). These students participated in an entrepreneurial competence
assessment program during the 2017-2018 academic year. The sample constituted 33.7% of the total
number of students enrolled for that academic year, and it was taken into account that students
should be evenly distributed among the three programs. The obtained data were analyzed by means
of multitrait-multimethod models, which were estimated as structural equation models with a mean
and covariance structure. This type of analysis makes it possible to simultaneously obtain results on
the bias, valid variance, invalid variance, and reliability of the fuzzy truth values for both response
scales over a range of entrepreneurial competences. Neither of the measurement instruments was
found to be biased with respect to the other, meaning that their scores are comparable if combined in
the same study or in several studies. While both instruments achieved valid and reliable
measurements, reliability and validity were higher for the endecanary scale. This study contributes
to the still scarce literature on the quality of fuzzy measurement instruments and the comparability
and relative merits of graphic and discrete rating scales on computer-assisted questionnaires.

The structure of the article is as follows. Section 2 presents the measurement scales being
compared. In Section 3, we discuss the data collection design, the statistical analysis method, and the
descriptive statistical results. Section 4 shows the results on bias, reliability, and validity. The final
section concludes and highlights the limitations of the study and further research opportunities.

2. Measurement Scales

When reflecting on the level or degree to which a person possesses a property or characteristic,
there is usually a scale of possibilities [27] between possession and non-possession, which means that
this can be considered a fuzzy characteristic [1]. Many scholarly articles use fuzzy truth values to
address uncertainty in the data they use [28-32].

In the business field, it is common to find applications of fuzzy sets and fuzzy logic that employ
a 0-10 rating scale with verbal labels attached to the 11 categories [33,34]. These linguistic endecanary
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scales have labels such as: “completely false”, “virtually false”, “almost false”, “quite false”, “more false
than true”, “neither true nor false”, “more true than false”, “quite true”, “almost true”, “virtually true”,
and “completely true”. From the seminal works [35,36], it has long been known that finding category
labels with shared meanings can prove difficult [37], especially if the number of labels with gray
meanings increases, which is unavoidable when large numbers of categories are used. It is for this
reason that a trend of labeling only the two endmost categories emerged [38]: e.g., “completely” and
“not at all”; “never” and “always”, etc. In the present article, when working with scales to measure
fuzzy characteristics, we follow this tendency of only labeling the end values.

Although other options exist for choosing the number of items on a rating scale (see examples
of pentanary or heptanary scales in [23]), in this article, we have chosen to work with an 11-point
scale. The reason for this preference is associated with the fact that the 11-point scale is both related
to our numbering base and offers a good measurement of degree of truth in practice. What is more,
since in the general literature on survey questionnaire design it is considered easier and far more
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common to use consecutive integer response options [39,40], we have preferred to reformulate the
fuzzy endecanary response scale from {0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8,0.9,1} t0o {0, 1, 2, 3,4, 5, 6, 7,
8,9, 10}, thus resulting in the classic 0-10 discrete rating scale.

Having discussed the appearance of the first and most common of the scales, we now introduce
the graphic slider-bar scale, which we used to perform the comparative measurement quality study.
Continuous response scales based on drawing lines have long been known [37,38,41,42] and
advocated for on the basis of their roots in the psychophisics literature and theory [37] and the
statistical attractiveness of continuous data. With paper-and-pencil questionnaires, the need to
measure lines by hand in order to encode the responses makes them rather unpractical [26], and some
of the earliest computer-assisted questionnaire software already included continuous response scales
as an option [43]. Nowadays, the most common computer-assisted variant is the slider-bar scale.
Responses are potentially continuous, although they are normally discretized, for instance between
0 and 100, which poses no problem when re-expressing them in the 0 to 10 interval by multiplying
the appropriate constant. This is a standard measurement scale for self-evaluating entrepreneurial
competences.

We conclude this section by showing the different open hypotheses related to both scales in
computer-assisted questionnaires, which justifies the fact that in this article, we compare a 0 to 10
discrete rating scale with a graphic slider-bar scale. Since the very first research, empirical
comparison of the relative merits of discrete rating scales and line-production and similar scales have
yielded controversial findings, even sometimes within the same study [44]. Some studies advocate
for slider bars [45], some advocate for radio buttons [46], and some present them as having equally
good characteristics [42]. Finally and most importantly, some scholars have argued that their relative
merits depend on the circumstances, including, for instance, questionnaire topic or screen size, which
demands a case-per-case assessment of measurement quality [25]. This is what we have done in the
present article, based on the topic of entrepreneurial competences and desktop computers.

3. Method

3.1. Measurement of Entrepreneurial Competences

Entrepreneurial competences constitute a good example of fuzzy characteristics that one may
possess to a varying degree. Despite the term “entrepreneur” having been in constant evolution since
it was first introduced in the 18% century, all definitions agree on characterizing entrepreneurial
competences as a combination of talents [47], such as the ability to manage, work in a team, identify
and create opportunities, take risks, and so on. More recently, due to the need to identify scenarios
and resolve emerging problems deriving from economic and technological progress, the concept of
entrepreneurial competence has been further modified to now include a distinction between the
intrapreneur (who applies his/her talent within an organization) and the entrepreneur (who develops
a market opportunity in the form of a new venture, which is usually their own company) [48]. The
true entrepreneur does not focus only on the momentary creation of a business, but also on
proactivity and constant innovation, which suggests that being an entrepreneur is not only a learned
behavior but is developed and perfected over time [49].

The present article uses the entrepreneurial competence model taken from the Evolute system
[50], which is a platform that integrates different tools based on a generic fuzzy network with a good
reasoning capacity for decision making. This allows the imprecision of the linguistic descriptors used
to be converted to a numerical scale.

When the European Higher Education Area was founded, a set of skills that students must call
on and put into practice when they join the labor market were incorporated into the university
curricula. In this context, competence models have played an increasingly important role in analyzing
entrepreneurial skills among Bachelor’'s and Master's Degree students, mapping individual
perceptions to identify requirements for personal competence, knowledge, and improvement. The
results of these studies generally uncover students’ strengths and weaknesses in certain
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entrepreneurial talents, helping teachers design and implement corrective actions for future
activities.

The available data on entrepreneurial competences was taken from the sample group of
students’ self-assessment [51] using the tool Tricuspoid [52], which originated in Tampere University
of Technology (Tampere, Finland). This tool is specifically designed to self-assess entrepreneurial
skills and provide immediate feedback, with participants required to assess both their current and
desired perception of a total of 99 questions formulated as statements related to entrepreneurial
situations in daily life using a slider-bar scale ranging from “never” to “always”. The 99 questions
are associated with 33 competences, which are grouped into six higher-level competences (self-
control, self-knowledge, self-motivation, cognitive capacity, empathy, and social ability) that
measure the skill status of each individual, comparing present awareness with desired future
objectives. Thus, they capture not only the individuals” capacities but also their gaps (or creative
tension) in order to create strategies for personal improvement.

In this article, the assessment process took place during regular one-and-a-half-hour class
sessions during the 2017-2018 academic year with students enrolled on the Bachelor’s Degrees run
by the School of Economics and Business Studies at the University of Girona. The teaching staff
responsible for the project conducted the process in a room equipped with desktop computers and
Internet access. At the beginning of the session, students received information on the importance of
competences, the Evolute system in general, and the Tricuspoid application in particular. Each
student accessed the system with an individual user name and password. Despite it being a self-
assessment tool, professors were available to solve any technical problems or answer questions
emerging from the students’” interpretation of statements. At the end of the evaluation, each student
was able to access his/her individual competence report at the desired level of detail, 33 competences
or six competence groups. The support documentation provided at the beginning of the session
included a list of competences, each with a definition to facilitate the interpretation of the final
competence report. Participation was voluntary and free of any incentive, beyond the appeal of
raising awareness on the importance of entrepreneurial skills and generating a certain curiosity and
motivation toward participation. The sample was distributed among students of Accounting and
Finance (22%), Business Administration and Management (36.3%), Economics (20.4%), and dual
degrees (21.3%). Regarding gender, 56.1% were men and 43.1% were women, while 56.4% were only
studying and 43.6% studying and working. Most (86.5%) had started university after finishing their
baccalaureate and 13.5% started after vocational training. Less than one quarter (22.9%) were actively
studying foreign languages. Nearly one-third (32.6%) were in the first academic year of their degree,
34.8% were in the second year, and 32.6% were in the third year (average age 20 years—SD 1.87).

3.2. Measurement Quality Assessment

In this article, we study three key aspects of the measurement quality of selected Tricuspoid
measurements (bias, reliability, and method effects) by means of multitrait-multimethod (MTMM)
models as suggested by [53]. MTMM designs [44,54] consist of multiple measures of a set of factors
(traits) with the same set of measurement procedures (methods). Therefore, these designs include txm
measurements; that is, the number of methods (1) times the number of traits (). The differences
between methods can be any questionnaire design characteristic, such as different response scale
lengths or category labels, different data collection procedures, etc. (see [24] for a recent review). In
our case, the methods are the m = 2 different response scales (slider-bar and endecanary scales) and
the traits are ¢ = 6 selected Tricuspoid questions.

The philosophy behind MTMM designs and models is that the quality of measurement obtained
from a given measurement method can only be assessed by comparing it with other methods. This
makes it possible not only to evaluate the quality of actual data but also to choose better alternative
methods in the future.

The original Tricuspoid questionnaire has a slider scale and respondents move the mouse along
a line with end points labeled “never” and “always” (see Figure 1). Each question is presented on a
separate screen (henceforth m). A follow-up questionnaire presents the second method, which is an
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endecanary radio-button scale labeled from 0 = “never” to 10 = “always” (see Figure 2) and all
questions are presented on the same screen (henceforth ).

A frequent criticism of MTMM designs is that under repeated questioning, respondents
remembering their previous answers may lead to biased reliability and method effect estimates. [55]
shows that respondents do not remember their previous answers if many similar questions are asked
and there are at least 15 min between repetitions. For this purpose, the 198 questions on the
Tricuspoid questionnaire (three items for each of the 33 competencies, asked twice regarding their
perceived present level of competence and the level they would desire to achieve) were administered
in random order with the standard Tricuspoid slider scale. Following a 15-min coffee break, the
respondents were presented with the follow-up questionnaire, which included questions on their
background and a few selected questions on the endecanary radio-button scale (corresponding with
higher-level competences within parentheses):

e fi:] can easily interpret correctly other people’s moods and reactions (empathy).

e  txIam able to change my working habits to meet public interest (self-control).

e  t3: I wish to repeatedly perform a task forcing me to strive to succeed (self-motivation).

4: T act quickly and determinedly whenever opportunities and crises appear (self-motivation).

L]
~

e t5:] aim to analyze and correct my mistakes in order to improve my performance in the future
(cognitive capacity).

e te: One must take immediate action when perceiving a possibility for success (self-motivation).
In the follow-up questionnaire, respondents were only required to give their perception of their

present level of competence, which is what the measurement quality assessment in this article is
based on.

| I can easily interpret correctly other people's moods and reactions

Present

Never \ Always

Desired

Never | Always

Figure 1. Graphic slider-bar scale.

I can easily interpret correctly other people's moods and reactions

6 7 8 9 10
®© O O O O Always

OUI

4
O

Q w

0 1 2
Never O O O
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Figure 2. Endecanary radio-button scale.

Method effects can often be viewed as a form of systematic error variance connected to the
method. Therefore, in addition to trait or error-free variance (related to measurement quality),
MTMM measurements have two sources of error variance: the usual random error variance (related
to the concept of lack of reliability) and method variance (related to the concept lack of validity).
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Data from MTMM are usually analyzed by means of confirmatory factor analysis models, which
is a particular case of structural equation models in the many variants suggested in the literature. In
this basic form, MTMM models enjoy a long tradition of reliability and validity assessment
[24,25,44,56,57].

Besides variance, method effects can also be viewed as a form of bias, yielding measurements
whose mean values differ from those of other methods. MTMM models can be extended to bias
assessment by means of specifying a mean and covariance structure [53]. This makes it possible to
estimate reliability, validity, and bias in the same comparative study of measurement methods. In
this article, we have used the specification known as the constant method bias [53]. The
corresponding confirmatory factor analysis model with a mean and covariance structure is specified
as follows:

xi=ti+Ajti+tmj+ i VY ij

where xij is the measurement of trait i with method j, in which 6j is the random measurement error
for xij, and it is assumed to have a zero mean, and with variance 6j; ti are the trait factors, with means
Ki, covariances ¢ir, and variances ¢i; mj are the method factors with zero mean and variances ¢uj. The
following parameters are related to method bias: A; is the factor loading of xij on f;; 7j is the intercept
term associated to m;j.

The model’s assumptions are:

cov(ditr)=0 v iji’

cov(di my) =0 v ij,j’

cov (& diy) =0 ifi#i orj#j
cov(timj) =0 Vi j
cov(m;jmy) =0 ifj=j

where i, 7', ... identify the traits and j, j, ... identify the methods.
These assumptions make it possible to decompose the variance of x;j into variance explained:

e by the trait, computed as A% ¢i and referred to as valid variance or error-free variance,
e by the method, computed as ¢umj and referred to as invalid variance or method effect variance,
e and random error variance (6;),

In order to assess measurement quality, the percentage of variance explained by the trait is referred
to as the quality of the item [58].

Bias in a method can only be estimated in comparative terms with respect to another particular
method. This is because the bias of a measurement using a given method concerns the comparison of
the mean of the observed measurement and the mean of the trait factor. The mean of the trait factor
is arbitrary and can at most be fixed according to the mean of a measurement using another method.
Thus, the researcher assesses whether the means of measurements made with different methods are
comparable or not, but cannot decide which, if any, is correct. For this purpose, one A;j loading must
be constrained to 1 and one 7;j intercept must be constrained to 0. Let us assume that the constraint is
applied to Method 1 so that A1=1 and 71=0. Then, it is possible to evaluate whether Method 2 produces
scores that are systematically different from those obtained with Method 1, once random error
variance and method variance have been accounted for. Bias is understood as a difference between
the scaling of the measurements and the trait factors. If 72 =0 and A2=1, then Methods 1 and 2 are
unbiased with respect to each other because they yield the same expected measurement for any value
of the trait factor ti. It is also possible to statistically test the following statistical hypotheses
corresponding to an absence of relative bias:

Ho: 72=0

Ho: A2=1

It must be noted that these tests are not equivalent to the test that only compares the overall
means of responses commonly performed in studies comparing measurement scales [25,42]. The test
comparing the means actually tests the null hypothesis Ho: T2+ A2ki=1xi, which may hold for an infinite
set of combinations of 72 and A2 [53].
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As recommended for the purpose of relative bias assessment, prior to their analysis, the data
were rescaled to make the permitted response range 0 to 10 for both methods, as in the endecanary
scale [53].

3.3. Data Description

In this section, we present some descriptive statistical results for the distribution of responses
with both methods. The boxplots in Figure 3 and the descriptive statistics in Table 1 show that the
two methods coincide in the fact that the highest level of perceived competence is found in #
(interpreting other people’s moods), ts (correcting mistakes in the future), and fs (taking action for
success), while the lowest is found in ¢3 (repeatedly performing a task until successful).

The main difference between the two methods is higher dispersion for the slider scale (1m1),
which is consistent for all six traits. The results of the MTMM analysis will tell us whether this higher
dispersion results from a higher error-free variance, from a higher method effect variance, or from a
higher random error variance.

(=}
—

m | 1 E 1 1
[l R
< ! | | i |
wd e e I
o § g L o g
T T T T T T
f1m1 t2m1 t3m1 t4m1 t5m1 t6m1
D | _tT _T T T _T _tT
o : E :
© - | , , | |
< — . . . . .
o —_— , —_— s} [}
o~ - o o : o o o
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[ o — o
I I I I I I
t1m2 Zmz2 3mz2 t4m?2 tomz2 6mz2

Figure 3. Box plots.

Table 1. Descriptive statistics.

Mean SD Min Q1 Q2 Q3 Max
tm 70 226 00 56 73 88 100
b 64 221 01 51 66 81 100
1 52 251 0.0 35 53 71 100
tmn 65 210 02 51 67 81 100
tsm 71 187 13 58 73 86 10.0
tem 68 202 03 54 69 84 100
tm2 74 191 00 70 80 9.0 10.0
tm2 70 177 10 60 7.0 80 10.0
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tsm2 57 235 00 40 60 70 100
tsim2 69 170 00 6.0 70 80 100
tsm2 77 149 20 7.0 80 9.0 100
temz 77 172 1.0 7.0 80 9.0 100

4. Results

The MTMM model was estimated by maximum likelihood with missing data, with tests and
confidence intervals that were robust to non-normality [59], as implemented in the mlr option in the
Mplus 8.20 program [60]. Non-normality was not severe (the maximum absolute skewness in any
variable was 1.27 and the maximum absolute kurtosis was 1.90). Missing values were mainly due to
attrition between the first and second questionnaires. 7 =500 completed the main questionnaire, with
no item non-response. n = 394 completed the follow-up questionnaire, with only 0.25% item non-
response on average for all questions. All n =500 cases were taken into account in the analyses.

The goodness-of-fit indices for the model yielded acceptable values for the structural equation
modeling practice: Chi-square test of model fit = 95.5 with 47 degrees of freedom and p-value < 0.001;
RMSEA = 0.045 (Root Mean Square Error of Approximation; 90% confidence limits: 0.032 and 0.059);
CFI = 0.955 (Comparative Fit index); and SRMR = 0.040 (Standardized Root Mean Square Residual).

According to the 72 and A2 parameters and their confidence intervals, the hypothesis of no
relative bias of one method with respect to the other (72=0 and A2=1) is tenable (see Table 2). As a
result, the trait variance in the two methods (¢i and A% @) is undistinguishable. Thus, the differences
in variance observed in Figure 3 and Table 1 can only arise from either of the two sources of error
variance. The 0j parameters refer to random error variance and show that the endecanary radio-
button scale (m2) performs better. The ¢umji parameters refer to method variance and also show that
the radio-button scale performs better. According to the non-overlapping confidence interval limits
in Table 2, the method variance ¢m is significantly lower than ¢mii. The same occurs for error for
variances 02 and i corresponding to traits f2, ts, t5 and te, which are also significantly lower for
Method 2.

The results for error and method variances are confirmed when expressing the three sources of
variance as percentages (Table 3). Percentages of trait variance (in other words, item quality [58]) are
for the most part high, albeit higher for the endecanary radio-button scale.

As additional evidence for Method 2, in the follow-up questionnaire, respondents were directly
asked which question format they liked best. More than half (55.4%) preferred the endecanary radio-
button presentation, while 13.8% liked the classic slider presentation, and 30.9% stated that they liked
both equally.

Table 2. Model parameter! estimates and 95% confidence interval limits. (lower limit, LCL; and upper
limit, UCL).

Estimate LCL UCL

Bias assessment: T2 0.41 -0.56 1.38
A2 1.02 0.88 1.17

Trait variance: ¢n 2.66 1.92 3.39
¢ 2.09 149 270

¢ 3.17 245  3.90

Pu 2.10 158 261

¢ss 1.30 091 1.68

Qs 1.55 1.13  1.98

Error variance: 6n 1.84 126 242
O 212 1.61 2.63

O3 2.90 220 3.60

Oa 1.78 1.39 217

Os1 1.56 122 1.89

Be1 2.35 1.83 2.88
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O 0.88 030 1.45

02 1.04 0.62 1.46

02 2.07 1.34 280

On 0.65 030  0.99

O 0.88 0.60 1.16

Os2 1.14 075 1.52

Method variance:  ¢mu 0.47 031 0.63
QM 0.06 -0.10 022

!Means «i and covariances ¢ir among traits are omitted for simplicity.

Table 3. Measurement quality. Percentages of explained variance.

Trait Random Error Method
(Quality) (Lack of Reliability) (Lack of Validity)
tim 53% 37% 10%
trm 45% 45% 10%
tam 49% 44% 07%
tam 48% 41% 11%
tsm1 39% 47% 14%
term 35% 54% 11%
timz 75% 23% 02%
tamz 67% 31% 02%
tama 61% 38% 01%
tamo 76% 22% 02%
tsma 59% 38% 03%
temz 58% 40% 02%

5. Discussion

The quality of the original Tricuspoid slider-bar scale receives a favorable judgment overall.
With the exception of traits ts and fs, the largest proportion of variance is valid variance. That said,
the Tricuspoid questionnaire would benefit from shifting from the standard slider-bar scale to a
radio-button scale, as it would result in an expected reduction in both method variance and error
variance. These results add to the still controversial literature on the relative merits of slider and
radio-button scales in computerized questionnaires in specific settings. Similar to much previous
research, we have found that while differences between the two measurement scales are not
substantial [42], all things considered, the balance favors the radio-button alternative (see [25,46,61]
and references therein).

Given that no evidence of relative bias was found, data collected with the new format will be
comparable to those obtained with the slider-bar version used to date. Thus, in practical terms,
shifting to the new method will not prevent comparative studies from being performed that combine
Tricuspoid data with the new and old formats.

To the best of our knowledge, this is the first study on slider-bar and radio-button scales that
covers bias, validity, and reliability simultaneously. This is made possible by including mean and
covariance structures in MTMM models [53]. It is also the first comparative evaluation of
measurement scales for the self-assessment of entrepreneurial competences.

One limitation of the study is the fact that the radio-button measurement scale was presented to
all respondents last. Thus, the effect of the measurement scale cannot be distinguished from a
question-order effect. However, this limitation is common in MTMM studies [62]. It must also be
taken into account that all respondents answered the questionnaire in the computer room, and results
using smaller screens may make a difference [25,63,64], thus highlighting the importance of a
responsive questionnaire design [65].
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In this article, we have established that the endecanary scale performs better that the slider-bar
scale in the specific context of desktop computers and questionnaires for competence self- evaluation.
This confirms the results [46] and much of the literature review, taking into account several contexts
[25]. Further research could compare the endecanary scale used in this article (with labels only in the
extreme response categories) to the original endecanary scale with linguistic labels for all categories.
Further research could also expand the findings to mobile devices, for which a lower relative
performance of slider-bars compared to radio buttons was reported [25]. Further studies could also
take into account other indicators of quality, such as response latency or eye-tracking [66].
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