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Abstract data and thus parametric statistical analysis cannot be
employed. It is a common practice to disregard the fact
In this paper we used a two-step procedure for the nu+that mathematical operations, such as multiplication or
merical translation of verbal frequency expressions of djvision, are not valid for ordinal data and: “Therein
the response scale of a questionnaire (STAI-T). In anjies the sin: simply expressing ordinal data using integ-
empirical study, 70 participants estimated numerical ers does not justify the use of parametric statis-
equivalents for verbal frequency expressions, data wasjcs. "[2](S. 266).
modeled, and fuzzy membership functions were calcu-  Attributing interval-level qualities to Likert catego-
lated. Resl:IItS show that the Scale’S_ visual arrangemenﬁes and emp|0ying inappropriate statistical techniques
does not influence the interpretation of the words’ may lead to the misinterpretation of results and wrong
meanings. We argue that traditional statistics are inap-conclusions [1]. The substitution or replacement of Li-
propriate for the analysis of verbal response data andkert scales with numerical scales (e.g., rating scales
demonstrate the alternative of fuzzy analysis, providing from 0 to 100) is a suitable alternative for subjects in
an example. academia and experts but not for field studies because
numerical scales are too abstract and differentiated for
Keywords: verbal response scale, parametric fuzzy less-educated subjects [3].
membership function, translation procedure, STAI-T The fact that linguistic terms are fuzzy in nature [4]
questionnaire is widely neglected in discussions about Likert response
scales. An important result of efforts to translate lin-
guistic terms into numbers [5, 6, 7] is that verbal ex-
pressions may be conceptualised as fuzzy sets and can

In the social sciences and humanities, empirical re-be mathematically described using fuzzy membership
search questions are commonly addressed by directlyfunctions (MFs). We argue that Likert scales should be
interrogating participants’ attitudes or behaviors. For €mployed where appropriate and that respective linguis-
this purpose, questionnaires are widely used as an aptiC categories should be treated as fuzzy classes instead
propriate measurement tool. Most often, participants areof simply being assigned integers. Furthermore, in our
asked to respond to presented items by choosing a cate@pinion a fuzzy analysis of the response data is more
gory of a related response scale. Afterwards, the re-SUitab|e than a statistical one. |f, hOWGVEf, parametric
search data are analyzed statistically. Although re-statistics must be employed for some reason, problems
sponse scales determine primary data collection directWith scale levels should be minimized by carefully
ly, only little systematic research has been done onchoosing response categories with a view to forming an
these, for instance, compared to the construction ofequidistant distribution.
questionnaire items. One of the most popular scales is Therefore, we briefly present a two-step procedure
the Likert-type response scale. It commonly consists offor the numerical translation of linguistic terms [6, 7]
five to seven response categories labeled with linguisticthat can be used to test and construct Likert scales with
terms and integers (e.g., probability from Very im- nearly equidistant response categories. This general
probableto 5 =very probabl§. Linguistic expressions Procedure is composed of an (1) empirical study where
assigned to the scale’s categories are highly comprefparticipants estimate numerical equivalents for linguis-
hensible, even for subjects who are not accustomed tdic expressions and the (2) modeling of the data using
expressing their opinion on a response scale. parametric fuzzy MFs of the potential type. We used
Scale categories are assumed to have a rank ordehe procedure to explore the 4-point Likert scale of the
but the distance between intervals cannot be presumedtate-Trait Anxiety Inventory, version T (STAI-T) [8]
equal [1]. A counterargument might suggest that lack of exemplarily and present data of 70 participants who
equidistance in response categories is compensated fdok part in our empirical study. To rule out the argu-
by the conventional visual arrangement of scales. How-ment that the visual arrangement of response scales
ever, the question of whether visual arrangement has arinight suggest equidistance between response catego-
influence on the interpretation of the words’ meanings i€s, we manipulated the visual presentation format. We
has not yet been clarified empirically. Moreover, Likert then outline the fuzzy analysis of response data and dis-
scale responses comprise ordinal- but not interval-level

1. Introduction
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cuss this as a potential alternative to common statisticalEach participant randomly received one of the pre-

analyses.

2. Method

sented formats and marked their answers with crosses.
In the second part subjects were requested to estimate
three numerical values corresponding to each of the
four verbal frequency expressions. The three numerical

Here, we present details of the two-step translation pro-values were: (1) the one that best represented the given

cedure for the numerical translation of the four verbal

frequency, (2) the minimal and (3) maximal values of

frequency expressions used in the Likert response scaleorrespondence. The first value identified the typical

of the psychological questionnaire STAI [8]. The STAI
is a widely used self-report measure of anxiety. It is

numerical equivalent to the word, whereas values (2)
and (3) indicate lower and upper boundaries of the fre-

composed of two subscales to measure anxiety as traiguency expression. The instructions required that the

(STAI-T) or state (STAI-S). Answer scales of the STAI
consist of 4-point Likert scales with the following ver-
bal frequency labels (original in Germaa)most never
(fast nig, sometimegmanchma), often(oft) andalmost
always(fast imme). We chose STAI-T for our experi-
mental study. In the following we outline the estimation
technique and method applied in the empirical study.
Thereafter, fuzzy analysis and MFs are specified.

2.1. Two-step Trandation Procedure
2.1.1 Step One: Empirical Study

estimates should be given in frequency format referring
to 100 cases (e.g., “| asometimegheerful” means “in

X out of 100 cases”). This format was used based on
the rational that it is a natural mode, which directly
represents information, compared to that of a percen-
tage form [9]. Thereafter, empirical estimates for these
three values were used to fit fuzzy MFs.

2.1.2 Step Two: Fuzzy Analysis

MFs are truth-value functions. The membership value
(u) represents the value of truth that an object belongs
to a specific class. For the analysis of the empirical data

Seventy undergraduate students (18 males) of Chemnit®rovided by the 70 participants, a parametric fuzzy MF
University of Technology with an average age of of the potential type [6, 7, 10, 11] was used (see Figure

M = 21.3 years§D = 2.6) took part in the study. The

survey instrument was a paper questionnaire and con-

sisted of two parts. In the first part participants ans-
wered the 20 items (e.g., “I am cheerful.”) of the STAI-
T by marking the response category (espmetimes

that best described their feelings. The visual arrange-
ment of the response scale was manipulated between

subjects. One group of participants (N = 37) received
the questionnaire with the original presentation format
and the other (N = 33) obtained an alternative format
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Fig. 2: Parametric MF of potential type

(see Figure 1). If the visual arrangement of the responserl his function is based on eight parameters:

scale has an influence on the interpretation of the lin-
guistic terms, then the original presentation format

should lead to more equidistance between the response

categories compared to the alternative format.

Original presentation format

x <4
2 %8 5 B
E|E|E|E
< w | O | <
1am cheerful.
{Ich bin vergniigt.) 11213 )4
1 feel like crying. 23 4
{Mir ist zum Weinen zumute.)

Alternative presentation format

I am cheerful.

7 e Almost never, Sometimes, Often, Almost never
{Ich bin vergniigt.)

1 feel like crying.

T f Almost never, Sometimes, Often, Almost never
{Mir ist zum Weinen zumute.)

Fig. 1: STAI response scale presentation formats
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r marks the position of the arithmetic mean of the
empirical estimates of the typical values.
a represents the maximum value of the MF and
regarding class structurea expresses class
“weight” in the given structure.
¢ andc, characterize left- and right-sided expan-
sions of the class (equal to the statistical range)
b, andb;, assign left- and right-sided membership
values at the boundaries of the function and rep-
resent border membership.
d and d; specify continuous decline of the MF
starting from the class centre, and are denoted as
representative of a class determining the shape
and fuzziness.
In this study we useé = 1 such that all frequency
terms were weighted equallyhe parameters, b andd
were calculated from the distribution of the empirical
data using Fuzzy Toolbox Software [11], which is spe-
cialized for fuzzy analyses and modelling of MFs. A
continuous variation of MFs, ranging from highly fuzzy
to crisp, is available through this parametric function
type.

In contrast to the non-parametric individualized MF
approach of Budescu and colleagues [5, 12] we fit
group MFs to obtain a generalized model of a certain



population of subjects. Furthermore, our MFs are de-At first glance, results show that the mean values of the
fined continuously such that in addition to the expan- original and alternative presentation formats are almost
sions of the class(parameters) the MFs’ shape fa- equal. The largest difference is 2.6 for values corres-
rameters) carries information about the distribution of ponding tosometimesThe other statistical parameters
the empirical estimates. This is an advantage insofar aslso show the same pattern (e.g., smaller standard devi-
potential contradictions between participants’ estimatesations for linguistic terms at the scales’ borders such as
are considered (e.g., in contrast to a triangular MF typealmost neverand almost alwaysand largerSDs for

that describes the graded interval between0 andu = terms mid-scale, such a®metimesand ofter). There-

1 with a rather arbitrary linear model and thus would fore, we decided to aggregate the results (Table 2) for
not account for the empirical data). Our MF type also further analyses.

allows for asymmetry in fuzzy classes by providing in-

dividual parameters for the left- and right-hand| STAI expressions| Mean| SD | Skew Kurtosis
branches of the function. As previous research shows (Original German)
[5, 6], many verbal expressions are best described byAlmost never 74 3.7 0.02 -0.8
asymmetric MFs. Therefore, we expect this feature tg (Fast nie)
be importantFor a more detailed specification of the | Sometimes 323 165 0.9 1.4
function type and its parameters see [6, 7]. (Manchmal)
Often 68.2 123 -1.0 2.3
(Oft)
3. Resaults Almost always 860 69 -06 0.1
We first present the descriptive statistics of the data set.(Fast immer)

Thereafter, the fuzzy MF procedure is specified. In our
opinion, it is valuable to present both results for pur-
poses of comparison, even though we favor the secon
approach. It is important that the two approaches be un-
derstood independently. Moreover, fuzzy analysis and
modeling of the MFs by definition do not refer to the 3.2. Fuzzy MF

background of probability theory and statistics. We then Figure 3 shows the resulting MFs for the STAI response
outline the fuzzy analysis of the STAI-T questionnaire scale (i.e., aggregated estimates). The representative
response data. values f) indicate the peak of the MFs (see vertical
lines) and therefore mark the highest membership val-
ue. Ther values are identical to the reported statistical

Table 1 shows the typical values that corresponded tomean values in Table 2. The MFs differ slightly in

the frequency expressions presented. Both presentatior"nelr'ﬁnS of fhape andl overlap (e'r?" tre MFsoften ang
formats (original vs. alternative) are depicted. Mini- almost awaysoverlap more thamimost neveran

dTable 2: Descriptive statistics for aggregated estimates
(N=70)

3.1. Descriptive Statistics

mum and maximum estimates of the semantic meaningsome“me)S
of linguistic terms were necessary for the modeling of
the MFs € parameters; see Section 3.2.). STAI
Membership
fu
STAIl expressions | Mean| SD | Skew Kurtosis 1“ :L 3 3 i

(Original German) 1Y 7~ Iy 7N/
Original format: \ // | /| }
Almost never 73 39 03 -0.5 ¥ | \
(Fast nie) 3 el F &
Sometimes 335 176 1.2 2.0 A\ A A |
(Manchmal) D M b | ”-P
Often 68.5 14.3 -1.1 2.2 S 1 - almost never 5Ig 3-often 100
(Of—t) 2 - sometimes Frequency 4 - almost always
Almost always 848 73 -04 -0.2
(Fast immer) Fig. 3: MFs of the verbal frequency expressions (STAI)
Alternative format:
ﬁlr;w;s;ig)ever 7.6 36 -04 —09 The MFs’ overlaps allow conclusions about the seman-
Sometimes 309 152 03 0.9 tic meaning of the Ilngw_sth terms [6,.7] such that a

large overlap reveals similarity in meaning compared to
(Manchmal) . )

a smaller overlap. Therefore, for instansemetimes
Often 679 98 -07 0.9 .

andoftenare more distinct thamften andalmost always
(Of) (Figure 3). The difference between the&alues of the
Almost always 8r3 63 08 0.5 functions aetermines the possible equidistance of the
(Fast immer) P 9

scale (see Figure 4). Here, the distances differ consider-
ably and, therefore, the linguistic terms are not distri-

Table 1: Descriptive statistics for the estimates buted equidistantly.
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STAI
Membership
value
4 1 2 N
\ y N / \/
249 359 178 14
‘; > E—>E—>
. i // \'\
0 s : e S :%)
0 1—almost never 50 3-often 100

4 — almost always

2 —sometimes
Frequency

Fig. 4: Distances between th&alues of the MFs

3.3. Fuzzy Analysisof Response Data

This study employed two types of items with regard to
item polarity or phrasing: (1) positive items (e.g., “l am
cheerful.”) and (2) negative ones (e.g., “I feel like cry-
ing.”). The STAI-T involves 7 positive and 13 negative
items. Figure 5 shows the German items with positive
responses highlighted in grey. The interpretation of a
subject’'s response depends on item polarity such that
high anxiety is indicated if a high frequency (e.g., 4 =
almost always is chosen for a negative item but low
anxiety if chosen for a positive item. In order to obtain
a sum that can be interpreted as an anxiety score, posi-
tive item responses have to first be inverted. This pro-
cedure was transferred for the fuzzy analysis of the re-
sponse data by inverting the MFs shown in Figure 3.
That is, the inverted values were calculated by sub-
tracting ther values (Figure 3) from the endpoint of the
scale (e.9., Toften inverted= 100 —Toen). The other para-

Beginning with the MFs (see Figure 3) we outline the meters were obtained by exchanging the left- and right-
fuzzy analysis of STAI-T response data exemplarily sided values of the 0|’igina| parameters (é)lg}ﬁen inverted
and compare it to the practice of common statistical = b, ). The resulting inverted fuzzy MFs’ scale of the
analysis. The STAI-T consists of 20 items (see exem-STA| is presented in Figure 6.

plar items in Figures 1 and 5) to measure anxiety as a

trait.

The example in Figure 5 shows a fictive response pat-
tern for the STAI-T. The following analyses were car-

ried out for this example.

Im folgenden Fragebogen finden Sie eine Reihe von Feststellungen zur
Selbstbeschreibung. Bitte wahlen Sie aus den vier Antwortmoglichkeiten
diejenige aus, die angibt, wie Sie sich im Aligemeinen fihlen.

oft

IS waawhbiaabnaa[ab FFNFNE N PR—

Ich bin

Ich werde schnell mide.

Mir ist zum Weinen zumute.

Ich glaube, mir geht es schlechter als anderen Leuten.

Ich verpasse giinstige Gelegenheiten, weil ich mich nicht schnell genug
entscheiden kann.

Ich fihle mich ausgeruht.

Ich bin ruhig und gel:

Ich glaube, dass mir meine

Ich mache mir zu viele

Ich bin gliicklich.

Ich neige dazuy, alles schwer zu
Mir fehlt es an Selb
Ich fiihle mich

Ich mache mir Sorgen iiber mogliches Mi hick

Ich fithle mich niedergeschlagen.

Ich bin

! ichti gehen mir durch den Kopf und bedriicken mich.
kann.

uber den Kopf wach
uber unwichtige Dinge.

wwwww”w W (w|w w|w

trauen.

Enttauschungen nehme ich so schwer, dass ich sie nicht

Ich bin lichen.

Ich werde nervos und unruhig, wenn ich an meine derzeitigen
A heiten denke.

% RRrRPXN-N RN X (KK fast nie
N NRW N[NNI NI N | N ¥ manchmal

W W w w|w W w

Fig. 5: Fictive response pattern of the STAI-T (grey lines
highlight positive response items)

STAI
Membershij .
e inverted

4 3 2 1

t Jl—;“\' i ~ 7 B /
A/ \ £ N [
i }/ | \ /o N
I A 1) /N |
VN N
/ \ 3 ‘ ; N
;’/ \\ : ’>< | ,} \:\\

A VLot o foo
0 f— : —
0 4 - almost always 50 2 - sometimes 100
3-often 1-almost never

Frequency

Fig. 6: MFs for the inverted STAI

3.3.2 Aggregation of MFs

To obtain a total score of anxiety for a certain partici-

pant, traditionally, integers of the marked answers on

the Likert response scale are summated after inverting
positive-item responses (see Figure 5, marked response
integers were aggregated). In our example the sum is 31
and the possible sum score ranges from 20 to 80. We
transferred the general idea of this procedure to fuzzy
analysis by aggregating the MFs (see Figures 3 and 6)

Usually, the sum of reported answers (integers) givenof the marked answers. For the example (see Figure 5)
on the Likert response scale indicates how anxious awe aggregated the MFs that corresponded to the chosen
person is. This sum is then compared to averaged norfesponse categories of the 20 items. Therefore, 20 MFs

mative values of certain populations (e.g., either healthywere aggregated: eight time#most neverfive times
individuals or those with anxiety disorder) for the pur- sometimestwo times sometimes-invertedtwo times

poses of drawing conclusion&r instance, about the often-invertedand three timesimost always-inverted
need for therapeutic interventions. Comparison normsThe parameters of the MFs are calculated as follows:
(i.e., standard values) are found by averaging the sunthe rys (representative value of the merged MF) is the
scores of many subjects’ questionnaire responses (N sweighted arithmetic mean of thevalues of thek MFs
2300 for the German version of STAI). As we argued in (the STAI-T has 20 items therefoke= 20 in this case)
the Introduction, this procedure is questionable due tothat are aggregated. The weighis equal to the num-

the ordinal scale level of the Likert response scale. ber of responses per category (e.g., in the example
questionnaire shown in Figure %:= 8 foralmost nev-

er). The equations for the computation of thearame-

3.3.1 Item polarity ters are shown in Figure 7a.
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« . linguistic terms and can be used as basis for fuzzy anal-
ysis of the response data of questionnaires. In an empir-
Iys= (X Wiex T / X Wi ical study we manipulated the visual arrangement of the
k=1 kel response scale to interrogate if the original presentation
format (see Figure 1) influences the interpretation of
verbal response categories as having equal distances.
However, the scale’s visual arrangement had no signifi-
cant influence on participants’ estimates of the words
meanings (see Table 1). Furthermore, results show that
the frequency expressions attributed to the STAI-T re-

Fig. 7a: Equation for the aggregationrqgfarameters

The other parameterb(b,, ¢, ¢, d, d,) are aggregated
by calculating the arithmetic mean of the original para-
meters. The equations in Figure 7b describebtpara-

meters. sponse categories are not perceived as being equidistant
K (see Figure 4). This has implications for the analysis of
b a=Yb; /K response data because the STAI-T scale has only ordin-
. i al but not interval scale level. Therefore, certain statis-
tical analyses, such as averaging sum score values for
K the purpose of creating comparison norms for popula-
b, =Yb. /K tions, are not valid and should not be used. _
’ et We suggest analyzing verbal response data using a
fuzzy method as an alternative to traditional statistics.
Fig. 7b: Equation for the aggregationtoparameters (also Frequency expressions are vague in nature and in com-
valid for c andd parameters) parison to statistical methods that neglect vagueness the

fuzzy approach provides a coherent and adequate
framework. In the last part of the paper we showed how
All 20 MFs (light grey lines) were aggregated and gen- the fuzzy MFs of the verbal response labels can be ag-
erated the resulting MF (black line) shown in Figure 8 gregated. The resulting aggregated MF can be inter-

(rus=23.1). preted as a participant’s total anxiety score. Thes
comparable with the sum score obtained by the statis-
Rl tical analysis. Moreover, for the example response data,
LA aggregated MF there is a high similarity between the valugg € 23.1,

sum score = 18.3). This shows that in general our me-
thod leads to similar results (e.g., a low total anxiety
value for the example response data).

Interestingly, the MFs provide additional informa-
tion about the vagueness and coherence of the partici-
pant’'s answering behavior. The meaning of the result-

’ 0 s 00 ing aggregated MF is easy to understand because the
Fraduaricy underlying numerical scale from 0 to 100 can be inter-
preted as numerical frequency (X out of 100 “cas-
Fig. 8: Aggregated MF for the example presented es/events”). This is more comprehensible than the tradi-
(see Figure 5) tional sum score (on a scale between 20 and 80 without

a reasonable single unit). The total score represented by
rus = 23.1 means that the subject feels anxiety in about
Following this aggregation procedure, comparison one quarter of 100 possible frightening events or situa-
norms of populations can likewise be obtained by merg-tions. The MF parameters that determine the shage (
ing all “aggregated MFs” of the subjects of the popula- and spreadc§) illustrate the vagueness associated with
tion. the estimates. Additionally, the problem with the scale-
The MF is located in the lower half of the scale be- level requirement for statistical analyses [1, 2] does not
tween 0 and 50 which indicates low anxiety. The sum exist within the fuzzy framework. This also simplifies
score for the example is 31 on a scale ranging from 20the construction of standard norms of populations.
to 80. Transferred to a scale ranging from 0 to 100 the In this paper we illustrated the fuzzy approach for
resulting sum score is 18.3. Therefore, the differencethe psychological STAI-T questionnaire. However, the

between the total score of the fuzzy analysig € scope of such an approach is broad and may be used for
23.1) and the sum score of the statistical analysis is,other questionnaires applied in a variety of research set-
with 4.8, rather small. tings, as well. Thus, future research should test the sug-

gested fuzzy approach in other contexts and domains.
Moreover, the fuzzy analysis of response data has to be
further validated to confirm its reliability and usefulness
We used a general two-step translation procedure [6, 7)compared to the established alternatives. It would also
to numerically translate vague frequency expressions ofbe interesting to examine how questionnaires with dif-
the Likert scale used on the STAI-T questionnaire. Rel-ferent verbal (and numerical) response scales can be
ative position and shape of the resulting MFs (see Fig-analyzed and interpreted using this fuzzy approach.

ure 3) provide details about the semantic meaning of the

4. Discussion
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