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Abstract

In this contribution we describe a novel
procedure to represent uncertainty in rating
scales in terms of fuzzy numbers. Follow-
ing the rationale of fuzzy conversion scale,
we adopted a two-step procedure based on
a psychometric model (i.e., Item Response
Theory-based tree) to represent the process
of answering survey questions. This pro-
vides a coherent context where fuzzy num-
bers, and the related fuzziness, can be in-
terpreted in terms of decision uncertainty
that usually affects the rater’s response pro-
cess. We reported results from a simulation
study and an empirical application to high-
light the characteristics and properties of the
proposed approach.

Keywords: Fuzzy rating scale, Rating data,
Item response theory, Decision uncertainty

1 Introduction

Over the recent years, fuzzy set theory and fuzzy
statistics have been gradually adopted for modeling
fuzziness in human rating data [7]. Typically, rating
data emerge from the measurement of attitudes, moti-
vations, satisfaction, and personality and sociodemo-
graphic constructs. In all these cases, as the measure-
ment process involves human raters, data are often af-
fected by fuzziness or imprecision [1]. Fuzziness in
rating data has multiple sources, including the deci-
sion uncertainty that affects raters and their response
process. Indeed, it is well-known that rating ques-
tions like “I am satisfied with my current work”, us-
ing a graded discrete scale from “strongly disagree”
to “strongly agree”, entails some degrees of decision
uncertainty in human raters. Fuzzy rating scales have
been widely adopted with the purpose of quantifying

fuzziness from rating data. Mainly, they can be con-
structed based on two different rationales, one requir-
ing dedicated rating procedures by means of which
fuzziness is measured explicitly (e.g., see [9]) or im-
plicitly (e.g., see [6]), and the other using fuzzy con-
version systems through which crisp rating data are
converted into fuzzy data either by means of prede-
fined fuzzy systems (e.g., see [18]) or on the basis of
statistically-oriented models (e.g., see [20, 12]). De-
spite their differences, both the approaches aim at mod-
eling fuzziness of rating data.

In this contribution, we describe fIRTree, a novel
statistically-oriented procedure to model fuzziness
from crisp rating data. The aim is to provide an ap-
proach to fuzzy rating data that incorporates a stage-
wise cognitive formalization of the process that human
raters use to answer survey questions. To this end,
IRTrees are adopted, a novel class of Item Response
Theory (IRT) models that formalize the steps needed
by raters to answer multiple choice questions [3, 5]. In
particular, fIRTree adopts a two-stage modeling system
where IRTrees are fit on crisp data first, and then the es-
timated parameters are used as a bulding block for de-
riving triangular fuzzy numbers Trg(c, l,r,ω) for each
rater and item combination. Although several alterna-
tives are available, we resorted to adopt four-parameter
triangular fuzzy number Trg(c, l,r,ω) because of their
flexibility in representing decision rating uncertainty
[10, 17].

The remainder of this contribution is organized as fol-
lows. Section 2 describes the rationale of IRTrees and
provides the formal notation used throughout this pa-
per. Section 3 presents the proposed fIRTree approach.
Section 4 illustrates the results of a simulation study
designed to assess the features of fIRTree whereas Sec-
tion 5 reports a brief case study where fIRTree is ap-
plied on empirical data. Finally, Section 6 concludes
this paper and provides a summary of the current find-
ings.

fIRTree: An Item Response Theory Modeling of Fuzzy Rating Data

Atlantis Studies in Uncertainty Modelling, volume 3

Joint Proceedings of the 19th World Congress of the International Fuzzy Systems Association (IFSA), the 12th Conference of the European Society

for Fuzzy Logic and Technology (EUSFLAT), and the 11th International Summer School on Aggregation Operators (AGOP)

Copyright © 2021 The Authors. Published by Atlantis Press International B.V.
This is an open access article distributed under the CC BY-NC 4.0 license -http://creativecommons.org/licenses/by-nc/4.0/. 471



Note that all the materials such as algorithms and
datasets used throughout this paper are available to
download at https://github.com/antcalcagni/
firtree/.

2 IRTree models

Item Response Theory (IRT) trees are conditional lin-
ear models where rating data are modeled in terms of
binary trees. They formalize the rating process as a
sequence of conditional stages going through the tree
to end nodes: in this schema, intermediate nodes rep-
resent specific cognitive components of the response
process whereas terminal nodes represent the possible
outcomes of the decision process. Figure 1 depicts
the simplest IRT tree model for a rating scale with
five choices (e.g., from 1: “strongly disagree”; to 5:
“strongly agree”). The adoption of this schema would
allow for the modeling of those situations where raters
first decide whether or not provide their responses (Z1)
and, then, decide on the direction (Z2) and strength
of their answers (Z3, Z4). The probability of uncer-
tain responses (i.e., Y = 3: “neither agree, neither
disagree”) is simply given by the probability to ac-
tivate the first stage of the decision process, namely
P(Y = 0) = P(Z1;θθθ 1). On the contrary, the probability
of a negative extreme response (i.e., Y = 1: “strongly
disagree”) is computed as P(Y = 1) = P(Z1;θθθ 1)(1−
P(Z2;θθθ 2))(1−P(Z3;θθθ 3)). In this case, the latent ran-
dom variables {Z1, . . . ,Z4} govern the sub-processes of
the rater’s response.

Z1

Z2Y = 3

Z4Z3

Y = 1 Y = 2 Y = 4 Y = 5

Figure 1: Example of IRTree used to model a common
rating scale with five response categories.

As for more general IRT models, the probability to
agree P(Y ∈ {4,5}) or disagree P(Y ∈ {1,2}) with
an item can be represented as a function of a rater’s
latent trait and the specific content of the item [3].
More formally, let i ∈ {1, . . . , I} and j ∈ {1, . . . ,J} be
the indices for raters and items, respectively. Then,
the final response variable Yi j ∈ {1, . . . ,m, . . . ,M}⊂N,
with M being the maximum number of response cat-

egories, can be decomposed into N Boolean variables
Zi jn ∈ {0,1}, with n∈ {1, . . . ,N} denoting the nodes of
the tree. For a generic rater-item pair (i, j), the IRTree
consists of the following equations:

ηηη i ∼N (0,ΣΣΣη) (1)

πi jn = P(Zi jn = 1;θθθ n) =
exp(ηin +α jn)

1+ exp(ηin +α jn)
(2)

Zi jn ∼ Ber(πi jn) (3)

where θθθ n = {ααα j,βββ i}, with the arrays ααα j ∈ RN and
ηηη i ∈ RN denoting the easiness of the item and the
rater’s latent trait. As for any IRT model, latent traits
are modeled using a Gaussian distribution centered on
zero and with covariance matrix ΣΣΣη . Overall, the prob-
ability for a given response category P(Y = m;θθθ) is
given by recursion from the single-branch probability
equation as follows:

P(Yi j = m) =
N

∏
n=1

P(Zi jn = tmn;θθθ n)
tmn

=
N

∏
n=1

(
exp(ηin +α jn) tmk

1+ exp(ηin +α jn)

)δmn

(4)

where tmn ∈ {0,1,NA} is the entry of the mapping ma-
trix TM×N with tmn = 1 indicating a connection from
the m-th response category to the n-th node, tmn = 0
or tmn = NA indicating no connection at all, whereas
δmn = 0 if tmn = NA and δmn = 1 otherwise. IRTree
models can be estimated either by means of general
methods used for generalized linear mixed models,
such as restricted or marginal maximum likelihood
[3, 8], or using procedures for multidimensional IRT
models, such as expectation-maximization algorithms
[11]. By and large, IRTrees are flexible enough to
model (i) simple situations like those requiring unidi-
mensional latent variables (a single η for each node of
the tree) or common item effects (a single α for each
node of the tree), (ii) more complex scenario involv-
ing multidimensional high-order latent variables [3],
and (iii) more general schemata requiring graded rating
scales with more or less than five response categories
[5].

3 fIRTree model for rating data

Once an IRTree has been fit to a matrix YI×J of crisp
rating data and IRT parameters θ̂θθ = {η̂ηη , α̂αα} have been
estimated, fuzzy rating data can be obtained by com-
puting the probabilistic model of the rater’s multiverse
Ui j. This reflects the heterogeneity in the rater’s pat-
tern of responses and models all the possible responses
the rater would reach if he or she could repeatedly an-
swer a question in the same time and under the same
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conditions. In this context, decision uncertainty is re-
flected by the estimated transition probabilities P(Zn)
(n = 1, . . . ,N) under the general rule that more certain
responses require easier transitions among the nodes
of the three. Unlike other fuzzy conversion scales
grounded on unidimensional IRT models (e.g., see
[20]), our approach uses Ui j in order to map fuzzy
numbers to the latent response process underlying the
observed crisp responses. In this contribution, we used
the four-parameter triangular fuzzy numbers [10, 17]:

ξÃ(y;c, l,r,ω) =

(
1+

(
c− y
y− l

)ω)−1

·1(l,c)(y) (5)

+

(
1+

(
r− y
y− c

)−ω
)−1

·1(c,r)(y)

where l < c < r and ω ∈ R+
0 . Unlike ordinary trian-

gular fuzzy numbers, by adding the parameter ω to in-
tensify (ω < 1) or reduce (ω > 1) the fuzziness of the
fuzzy set they allow for a flexible representation of the
fuzziness present in rating responses.

Given a pair (i, j), fIRTree consists of the following
steps:

1. Get the estimates η̂ηηN×1 and α̂ααN×1 and plug-in
them into Eq. (4) to get P̂(Y = m) for each
m ∈ {1, . . . ,M}. This is the probabilistic model
for the rater’s multiverse Ui j.

2. Compute expected value and variance for Ui j:

ci j = ∑
y∈{1,...,M}

= y · P̂(Y = y) (6)

si j = ∑
y∈{1,...,M}

= (y− ci j)
2 · P̂(Y = y) (7)

3. Compute left and right spreads of triangular fuzzy
numbers using the following link equations [19]:

li j = ci j −h2, ri j = ci j −h2 +h1

h1 =
√

3.5vi j −3(ci j −µi j)2 (8)

h2 =
1
2
(h1 +3ci j −3µi j)

µi j = (1+ ci j(1/si j))
/
(2+(1/si j))

4. Compute the intensification parameter as:

ωi j =
M

∑
m=1

P̂(Yi j = m)2 (9)

5. The 4-tuple {ci j, li j,ri j,ωi j} is used to compute
the fuzzy number ỹi j associated to the observed
rater’s response yi j.

Note that Eq. (9) is based on the difficulty of respond-
ing to an item, a measure which indicates the presence
of uncertainty in the response process [14]. In this rep-
resentation, when P̂(Yi j) approaches the uniform dis-
tribution, ωi j will reach its minimum value and the
fuzzy set will be intensified in order to reach the max-
imum fuzziness. By contrast, when P̂(Yi j) approaches
a degenerated distribution where a single category has
probability equals to one, ωi j will reach the threshold
of one and the fuzzy set will turn to the ordinary trian-
gular shape. Hence, the cases where ωi j < 1 progres-
sively indicate that the rater would be very hesitant in
responding and he or she would be expected to show
a relatively large uncertainty to make a final response.
It should also be noted that fuzzy numbers are defined
over the space of the means Ω(Y ) ∈ [1, . . . ,M] instead
of being defined over the discrete domain of the re-
sponses R(Y ) ∈ {1, . . . ,M}.

4 Simulation study

The aim of this brief simulation study is twofold. First,
we will evaluate whether fIRTree can accurately re-
cover fuzzy numbers. Second, we will provide an
external validity check on the results provided by
fIRTree in recovering decision uncertainty from crisp
rating data. In particular, we assessed fIRTree us-
ing a controlled scenario based on simulated faking
data (SGR) [13] where distinct levels of decision un-
certainty were progressively increased from a base-
line condition. Since it is well known that faking be-
haviors in rating situations may increase or decrease
the overall decision uncertainty of the rater’s response
process, simulated faking can serve as a good candi-
date for studying uncertainty in rating process.1 The
whole simulation study has been performed on a re-
mote HPC machine based on 16 Intel Xeon CPU E5-
2630Lv3 1.80Ghz, 16x4 Gb Ram whereas computa-
tions and analyses have been performed in the R frame-
work for statistical analyses.

Data generation model. Crisp rating data were gen-
erated using the simplest IRTree for five-point rating
scales with a common latent trait and item parameters
(i.e., η and α were the same across nodes) and the SGR
model [13]. The latter allows for modulating the pres-
ence of faking patterns in the observed data. In par-
ticular, it defines the probability of a rating response
Yi j as being formed by a true unobserved component
Y T

i j and a faking component Y F
i j . Simply stated, the

1Faking is a deliberate behavior through which respon-
dents distort their responses towards ones they consider more
favorable in order to give overly positive self-descriptions,
to simulate physical or psychological symptoms as a way to
obtain rewards, or to have access to advantageous work po-
sitions [21].
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probability of answering an item is defined in terms
of a conditional replacement distribution P(Y F

i j |Y T
i j ;θθθ),

which models the hypothesized faking behavior of the
respondent. The model P(Y F

i j |Y T
i j ;θθθ) is defined using a

particular discrete beta distribution, which has been pa-
rameterized in order to represent a set of possible fak-
ing behaviors (e.g., faking-good, faking-bad) as well
as their intensity (e.g., extreme, slight, uniform). For
further information we refer the reader to [13]. For
the purpose of this study, we manipulated one of the
parameter of P(Y F

i j |Y T
i j ;θθθ), namely π ∈ [0,1] which in-

dicates the probability that an observed response will
be replaced by a faking response.

Design. The study involved three factors: (i)
I ∈ {50,100,150}, (ii) J ∈ {10,20}, (iii) π ∈
{0,0.25,0.50,0.75}. They were varied in a complete
factorial design with a total of 3×2×4= 24 scenarios.
For each combination, B = 1000 samples were gener-
ated which yielded to 1000× 24 = 24000 new data as
well as an equivalent number of parameters. For each
condition, the number of response categories and deci-
sion nodes were held fixed (M = 5, N = M − 1 = 4)
whereas the IRTree for five-point rating scales was
adopted (see Fig. 1). Note that, the scenarios with
π = 0 correspond to the baseline condition with no fak-
ing perturbation. This case has been used to assess the
accuracy of fIRTree to recover fuzzy numbers (first aim
of the study).

Measures. The accuracy of fIRTree to recover the pa-
rameters of the fuzzy numbers was measured using the
average agreement index:

PA =
1
B

B

∑
b=1

(
1−‖Θ̂ΘΘ(b)−ΘΘΘ(b)‖2/‖ΘΘΘ(b)‖2

)

which indicates how much the recovered parameters

Θ̂ΘΘ(b)
resemble the true parameters ΘΘΘ(b) [16]. Values of

PA closed to one indicate higher accuracy of the pro-
cedure in recovering the true parameters of the model.
We computed PA indices for the parameters c, ω , and
r − l (total spread). The sensitivity of fIRTree to the
distinct levels of decision uncertainty (as created by
the SGR model) was instead measured by means of
the average Kauffmann index:

K =
1
B

B

∑
b=1

(
2

card
(
ξÃ(y;c(b), l(b),r(b),ω(b))

) ·

·∑
y
|ξÃ(y;c(b), l(b),r(b),ω(b))−δ (y)|

)

with δ (y) = 1 if ξÃ(y;c(b), l(b),r(b),ω) ≥ 0.5 and zero
otherwise. The index is a measure of the fuzziness of
a set and it approaches one when the set is maximally
fuzzy.

Procedure. Let ih, jt , πq be distinct levels of factors I,
J, π . Then, crisp rating data were generated according
to the following procedure:

(a) ηηη ih ∼ N (0,I), ααα jt ∼ N (1α0,Iσα), with α0 =
−1.75 and σα = 0.25

(b) Crisp rating data were simulated as follows: yi j ∼
Mult(M,P(Yih, jt )), with P(Yih, jt ) being com-
puted via Eq. (4) using ηηη ih and ααα jt , for each
i = 1, . . . , ih and j = 1, . . . , jt . Note that P(Yih, jt )
was also used to compute the true triangular fuzzy
numbers by means of the procedure described in
Section 3.

(c) For each i = 1, . . . , ih and j = 1, . . . , jt , observed
crisp data yi j were perturbed by the SGR model
using the faking parameter πq

(d) The generated matrices of unperturbed (πq = 0)
and perturbed (πq > 0) response data Yih× jt were
analysed using fIRTree. The nested decision tree
with five response categories was adopted (see
Figure 1). Since ααα and ηηη were simulated us-
ing the simplest model where latent traits and
item parameters are invariant across nodes (e.g.,
see [3]), an IRTree with a common latent trait
and common parameters was defined using the
IRTrees R library [3]. The glmmTMB R pack-
age [4] was used to estimate the model parame-
ters via marginal maximum likelihood. Once es-
timates were obtained, triangular fuzzy numbers
were computed using the procedure described in
Section 3, which yielded to four new matrices,
namely Ci j× jt , Li j× jt , Ri j× jt , Wi j× jt .

Results. Tables 1-2 show the results of the simulation
study. With regards to the first aim of the study, the
accuracy of fIRTree in recovering the true parameters
of fuzzy numbers was higher in all the conditions. As
expected, the accuracy increased as a function of sam-
ple size I and number of items J. Overall, fIRTree
showed good accuracies in recovering the true param-
eters of the fuzzy numbers. With regards to the second
aim of the study, when compared to the baseline with
no faking condition (π = 0 in Table 2), fuzzy numbers
computed via fIRTree behave according to the faking
perturbation. As increasing in faking perturbation in-
dicate higher decision uncertainty in rating data, fuzzy
numbers progressively increased their fuzziness in the
expected direction. Importantly, these results are unaf-
fected by sample size ih or number of items jt . All in
all, these results suggest that fIRTree accurately recov-
ered fuzzy numbers and decision uncertainty when this
is present in rating data.
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C R−L W

J = 10
I = 50 0.779 (0.088) 0.897 (0.038) 0.965 (0.013)
I = 150 0.839 (0.027) 0.916 (0.017) 0.981 (0.003)
I = 500 0.851 (0.016) 0.921 (0.011) 0.983 (0.002)

J = 20
I = 50 0.805 (0.078) 0.908 (0.035) 0.965 (0.014)
I = 150 0.883 (0.028) 0.942 (0.014) 0.985 (0.004)
I = 500 0.9 (0.018) 0.951 (0.008) 0.988 (0.002)

Table 1: Simulation study: Accuracy of fIRTree to recover fuzzy numbers computed in terms of PA index [16].
Values of PA closed to one indicate that the model accurately recover the true parameters of the fuzzy numbers.
Standard deviation over B= 1000 samples is reported in parenthesis for each scenario. Note that C indicates modes
of the fuzzy sets, R−L indicates the total spread of the set, whereas W stands for the intensification parameter.

π = 0 π = 0.25 π = 0.5 π = 0.75

J = 10
I = 50 0.617 (0.075) 0.724 (0.041) 0.784 (0.019) 0.815 (0.01)
I = 150 0.602 (0.058) 0.716 (0.026) 0.779 (0.01) 0.812 (0.006)
I = 500 0.603 (0.062) 0.717 (0.028) 0.78 (0.008) 0.813 (0.004)

J = 20
I = 50 0.613 (0.079) 0.72 (0.045) 0.781 (0.022) 0.814 (0.01)
I = 150 0.599 (0.062) 0.713 (0.03) 0.776 (0.011) 0.811 (0.006)
I = 500 0.6 (0.066) 0.714 (0.032) 0.777 (0.011) 0.812 (0.004)

Table 2: Simulation study: Kauffman index of the computed fuzzy numbers as a function of the intensity of the
faking perturbation π . Values of the index closed to one indicate a higher degree of fuzziness in the fuzzy sets.
Standard deviation over B = 1000 samples is reported in parenthesis for each scenario.

5 Case study

In this section we will shortly describe the application
of fIRTree on a real case study involving rating data
from the Personality Need for Structure (PNS) ques-
tionnaire [15]. The questionnaire includes 11 items
rated on a six-point rating scale (from “strongly dis-
agree” to “strongly agree”) and it was designed to
measure a person’s desire for certainty and decisive-
ness. The sample consists of I = 497 respondents, 58%
women, 32.4 years old on average (SD = 11.3, range =
18− 70), all of them living in the United States. Data
were originally collected by [5]. A subset of J = 5
items was selected for the sake of illustration.2 The
first step of the analysis consisted in the definition of
an IRTree model for the six-point rating scale. To this
end, we used the tree suggested by [2] (see Figure 2).
It formally represents a response model where (i) the
node M determines whether the respondent has a weak
Aw or strong As attitude/trait toward the item, (ii) the
node As activates the strength/extremity E of the rat-
ing response, by selecting either low values or higher

2The items were as follows: 1. It upsets me to go into
a situation without knowing what I can expect from it, 2. I
enjoy having a clear and structured mode of life, 3. I like
to have a place for everything and everything in its place,
4. I don’t like situations that are uncertain, 5. I find that a
consistent routine enables me to enjoy life more.

M

Aw As

Y = 3 Y = 4

EE

Y = 1 Y = 2 Y = 5 Y = 6

Figure 2: Case study: IRTree used for the six-point
rating scale.

values of the scale.

The tree with N = 4 was defined using the R library
irtree [3]. Next, the IRTree was fit on the data ma-
trix Y497×5 by means of the R library glmmTMB [4].
The estimated parameters η̂ηη I×N and α̂ααJ×N (see Tables
3-4) were then used to compute the estimated proba-
bilistic models of the multiverses {P̂(Y = m)}M

m=1 for
each rater i = 1, . . . , I and item j = 1, . . .J. Finally,
fuzzy rating data were obtained using the procedure
described in Section 3. Figures 3-4 shows some of
the estimated fuzzy numbers. In particular, Figure 3
(left panel) shows a prototypical case in which the fi-
nal crisp response y98,4 = 4 does not correspond to the

Atlantis Studies in Uncertainty Modelling, volume 3

475



M Aw As E

θ̂ σθ̂ θ̂ σθ̂ θ̂ σθ̂ θ̂ σθ̂
α1 -1.19 0.12 -0.40 0.13 -1.04 0.25 0.33 0.20
α2 -0.88 0.11 0.53 0.13 0.79 0.22 0.05 0.18
α3 -0.56 0.10 0.25 0.14 -0.18 0.20 0.47 0.17
α4 -1.50 0.12 0.46 0.12 0.51 0.26 0.06 0.22
α5 -0.71 0.11 0.05 0.13 -0.28 0.20 0.04 0.17

Table 3: Case study: Estimates (θ̂ ) and standard errors (σθ̂ ) for item parameters α̂ααJ×N .

η1 η2 η3 η4 σ̂η
η1 1.00 0.75
η2 -0.20 1.00 0.95
η3 0.15 0.94 1.00 1.16
η4 -0.76 0.41 0.12 1.00 0.29

Table 4: Case study: Estimated correlation matrix and standard deviations (σ̂η ) for the latent traits η̂ηη I×N .

0 1 2 3 4 5 6 7

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0 i = 98, j = 1, y = 4, ω = 0.336

0 1 2 3 4 5 6 7

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0 i = 4, j = 4, y = 4, ω = 0.579

Figure 3: Case study: Estimated probabilistic model
{P̂(Y = m)}M

m=1 (black dashed vertical lines) for two
rater’s multiverses on two items and the associated
fuzzy number (black dashed curves). The red circle in-
dicates the final crisp responses yi j. Note that probabil-
ity masses and fuzzy membership functions are over-
lapped over the same domain Ω(Y ) for the sake of
comparison.

mode of the estimated fuzzy number. This can hap-
pen because fuzzy numbers encapsulate the decision
uncertainty that affected the rater’s response process,
a feature which would otherwise be lost if crisp re-
sponses were solely considered. On the contrary, Fig-
ure 3 (right panel) depicts a situation with lower degree
of decision uncertainty.

6 Conclusion

In this contribution we presented fIRTree, a novel pro-
cedure to represent human rating data in terms of
fuzzy numbers. Similarly for other procedures aim-
ing at turning crisp ratings into fuzzy ratings (e.g., see

0 1 2 3 4 5 6 7

0.
0

0.
2

0.
4

0.
6

0.
8

1.
0

i=4 i=28 i=321

Figure 4: Case study: Estimated fuzzy numbers for
three raters on item j = 2.

[20]), our approach is based on a two-step rationale
through which a psychometric rating model (IRtree) is
defined and fit on empirical data first, and then the esti-
mated parameters are used to compute 4-tuple triangu-
lar fuzzy numbers Trg(c, l,r,ω) for each rater and item
combination. Although other fuzzy numbers can be
adopted to this purpose (e.g., trapezoidal, beta, gaus-
sian), Trg(c, l,r,ω) are flexible enough to represent the
fuzziness of the rater’s response process [10, 17]. A
simulation study has been designed to assess the accu-
racy of fIRTree to recover fuzziness of rating data and
a case study has been used to illustrate how fIRTree
can be applied on empirical cases.

We believe that fIRTree can improve the way to get
fuzzy numbers from rating data. fIRTree does not re-
quire dedicated rating tools or measurement settings
and it can directly be applied on crisp rating data col-
lected using standard formats of rating scales. Despite
its simplicity, it provides a coherent meaning system to
compute and interpret fuzzy numbers in measurement
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contexts involving human ratings.
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