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Abstract
The Self-Assessment Manikin (SAM) is an univer-
sally used instrument of pictographic non verbal
measure which is used in many emotional studies
in the field of the Psychology. In these emotional
studies the usual aggregation operator is the classi-
cal mean. In this paper, a new aggregation operator
is proposed. This new operator, which is based on
the majority concept tries to solve the distribution
problems of the mean operator. This new aggrega-
tion operator is applied in a real emotional study,
in which the SAM is used, achieving better results
than the classical mean operator.

Keywords: SAM, Aggregation Operator, Ma-
jority Concept.

1. Introduction
The Self-Assessment Manikin (SAM) is an univer-
sally used instrument of pictographic non verbal
measure which requires no language and therefore
is easy to administer in different cultures [12][13].
The SAM has been use in different studies about
emotion, this has directed the construction of differ-
ent emotional instruments. This method provides
information in three general emotional dimensions:
valence, arousal and dominance associated with a
person’s affective reaction to a wide variety of stim-
uli (pictures, movies, natural-sounds...). SAM con-
sists of human-like figures that embody the dimen-
sions of valence, arousal, and dominance, with five
figures representing five intensity levels within each
dimension. SAM’s valence rating ranges from a
figure with a pronounced frown to figure with a
large smile (Figure 1), arousal rating ranges from
a figure that looks drowsy to a figure that ap-
pears agitated (Figure 2), and the submissiveness-
dominance (not in contro-in control) rating ranges
from a very small figure to a very large figure (Fig-
ure 3). SAM visually represents the three dimen-
sions and was designed as an alternative to the

sometimes-cumbersome verbal self-report measures
[11]. This subjective assessment method has been
extensively validated and is widely used in cue re-
activity research [2][3], on different populations like
dug addict [1], psychopath [15] and common pop-
ulation [17]. In these studies [1]-[3][15][17], stimuli
are slides from IAPS (International Affective Pic-
ture System) [5]. These slides are rated on the SAM
scales and mean ratings for each dimension were
computed for each slide. These mean ratings are
used to compare the different populations.

The mean operator is a common aggrega-
tion operator that produces reasonable results,
but, at the same time, when the items to ag-
gregate have cardinality > 1 they may pro-
duce distribution problems. For example, let us
consider the aggregation of the following values
{0.7, 0.7, 0.7, 0.7, 0.5, 0.4, 0.1, 0.1, 0.1}. If we ana-
lyze this example, 55% (the majority) of values are
over than 0.5 and 44% are 0.7. Because of this,
the result should be higher than 0.5 and lower than
0.7, however the result of the mean operator is 0.44.
These distribution problems might produce erro-
neous comparisons among populations.

There exists other aggregation operators that
use the rates given by the majority to produce a
overall rate. We think that using these majority-
based aggregation operators better results would
be achieved. The different populations would be
compared using the opinion or rate given by the
majority of the members of the population, rather
than the mean of the rates.

In this paper, we propose a new majority-based
aggregation operator and its application to SAM to
get better results. To do that, this paper is struc-
tured as follows: in Section 2, the ordinal and the 2-
tuple fuzzy linguistic approaches are presented and
the group decision making process is introduced; in
Section 3 the new majority-based aggregation oper-
ator is proposed and tested with participants from
a real psychological study; and finally, some con-
clusions are drawn in Section 4.



Fig. 1: Valence dimension.

Fig. 2: Arousal dimension.

Fig. 3: Dominance dimension.

Fig. 4: Graphics representation using the classical
aggregation and majority aggregation.

2. Preliminaries
In this section, the ordinal and the 2-tuple fuzzy
linguistic approaches are introduced, and the group
decision making process is described.

2.1. The Ordinal Fuzzy Lin-
guistic Approach

The ordinal fuzzy linguistic approach is a fuzzy ap-
proximate technique appropriate to deal with qual-

itative aspects of problems [9]. It models linguis-
tic information by means of ordinal linguistic la-
bels supported by a linguistic variable [18]. A lin-
guistic variable is defined by means of a syntac-
tic rule and a semantic rule. In an ordinal fuzzy
linguistic approach the syntactic rule is defined by
considering a finite and totally ordered label set
S = {si}, i ∈ {0, . . . ,G} in the usual sense, i.e.,
si ≥ sj if i ≥ j, and with odd cardinality (such
as 7 or 9 labels), where the mid term represents
an assessment of "approximately 0.5", and the rest
of the terms being placed symmetrically around it.
The semantics of the linguistic term set is estab-
lished from the ordered structure of the term set
by considering that each linguistic term for the pair
(si, sG−i) is equally informative. In any linguistic
approach we need operators of management of lin-
guistic information, such as:

• Minimization operator,

MIN(sa, sb) = sa if a <= b

• Maximization operator

MAX(sa, sb) = sa if a >= b

• Negation operator

NEG(si) = sj | j = G − i

• Aggregation operators, for example the LOWA
operator [7].

2.2. The 2-Tuple Fuzzy Lin-
guistic Approach

Usually, to define a fuzzy linguistic model we must
establish its representation model of linguistic in-
formation and its computational model to combine
linguistic information. In such a way, in [8] was
introduced the 2-tuple fuzzy linguistic model by
defining both its representation model and its com-
putational model.

Definition 1. Let S = {s0, ..., sG} be a linguis-
tic term set and β ∈ [0,G] a value supporting the
result of a symbolic aggregation operation, then the
2-tuple that expresses the equivalent information to
β is obtained with the following function:

∆ : [0,G] −→ S × [−.5, .5)

∆(β) = (si, α),
{

si i = round(β)
α = β − i α ∈ [−.5, .5)

where round(·) is the usual round operation, si ∈ S
has the closest index label to "β" and "α" is the value
of the symbolic translation.



Proposition 1. Let S = {s0, ..., sG} be a lin-
guistic term set. There is always a ∆−1 function,
such that, from a 2-tuple (si, α) it returns its equiv-
alent numerical value β ∈ [0,G] ⊂ R.

∆−1 : S × [−.5, .5) −→ [0,G]

∆−1(si, α) = i + α = β

Remark 1. We should point out that the con-
version of a linguistic term into a linguistic 2-tuple
consists of adding a value 0 as value of symbolic
translation: si ∈ S =⇒ (si, 0).

On the other hand, the 2-tuple fuzzy linguistic
computational model carries out processes of com-
puting with words in a precise way when the linguis-
tic term sets are symmetrically and uniformly dis-
tributed. This computational model presents differ-
ent techniques to manage the linguistic information
[8]:

• Comparison of 2-tuples: The comparison of
linguistic information represented by 2-tuples
is carried out according to an ordinary lexico-
graphic order. Let (sk, α1) and (sl, α2) be two
2-tuple:

– if k < l then (sk, α1) is smaller than
(sl, α2)

– if k = l then
∗ if α1 = α2 then (sk, α1), (sl, α2) rep-
resent the same information

∗ if α1 < α2 then (sk, α1) is smaller
than (sl, α2)

∗ if α1 > α2 then (sk, α1) is bigger than
(sl, α2)

• Negation of 2-tuple is defined as:

Neg(si, α) = ∆(G −∆−1(si, α)).

• Aggregation of 2-tuples: Using the function
∆ and ∆−1 any aggregation operator can be
easily extended for dealing with linguistic 2-
tuples. Some examples are presented in [8].

2.3. The Group Decision Mak-
ing Process

Group decision-making (GDM) problems can be
defined as decision situations where 1) there are
two or more experts who are characterized by their
own ideas, attitudes, motivations, and knowledge,
2) there is a problem to be solved, and 3) they
try to achieve a common solution [4]. To obtain
a common value for all experts, there exist diverse

Fig. 5: Representation of the Majority and Classi-
cal Processes.

fuzzy approaches in which are realized an aggrega-
tion of the individual opinions guided generally by
the concept of majority, where majority is defined
as a collective evaluation in which the opinions of
most of the experts involved in the decision prob-
lem are considered. In these approaches the result
is not necessarily unanimous, but a solution must
be obtained with agreement among a fuzzy major-
ity of the decision makers [6][14].

Majority processes arise because the most
common aggregation operators over-emphasize the
opinion of the minority as the expense of those
of the majority creating an aggregation that may
be considered imprecise for the majority. These
are called distribution problems. For exam-
ple, let us consider the aggregation of the fol-
lowing labels: highest, highest, highest, high-
est, high, medium, lowest, lowest, lowest, of the
set S = {lowest, very_low, low, medium, high,
very_high, highest}, where s0 = lowest, s1 =
very_low, s2 = low, s3 = medium, s4 = high,
s5 = very_high, s6 = highest. If we analyze this
example (Figure 4), 55% of labels are higher than
medium and 44% are the highest label. Due to
this distribution, the result should be higher than
medium and lower than highest, because we ob-
tain a value that represents the majority and at the
same time the minority. However, classic aggrega-
tion processes obtain inferior values that are close
to medium as in Figure 4, producing distribution
problems.

These distribution problems result from the
process through which the items are considered.
Classical aggregation considers items in an inde-
pendent manner while majority processes consider



groups of items with different cardinalities. Figure
5 graphically represents this difference. This ex-
ample has 6 elements to aggregate. Classic aggre-
gation processes all these elements independently
while the majority aggregation first groups items
by their similarities and then aggregates. In the
above example, classical operators manage nine sets
with cardinality 1, nevertheless, the majority pro-
cess considers four sets with cardinality 4, 1, 1 and
3 respectively.

3. The 2-Tuple Majority-Based
Aggregation Operator MA-
LOWA2t

In this section we propose a new majority-based
aggregation operator, called MA-LOWA2t, which is
a 2-tuple extension of the MA-OWA operator [16]
using the LOWA operator [7].

First, we have to define the 2-tuple-based
LOWA operator [10].

Definition 2. Let {(a1, α1), . . . , (am, αm)} be
a set of 2-tuple assessments to aggregate, then the
LOWA2t operator φ2t is defined as:

φ2t((a1, α1), . . . , (am, αm)) = W ·BT =

Cm
2t{wk, bk, k = 1, . . . , m} =

= w1 ⊗ b1 ⊕ (1−w1)⊗Cm−1
2t {βh, bh, h = 2, . . . ,m}

where bi = (ai, αi) ∈ (S × [−.5, .5)), W =
[w1, . . . , wm] is a weighting vector, such that ti ∈
[0, 1] and

∑
i wi = 1, βh = whPm

2 wk
, h = 2, . . . , m,

and B is the associated ordered 2-tuple vector.
Each element bi ∈ B is the i-th largest 2-tuple in
the collection {(a1, α1), . . . , (am, αm)}, and Cm

2t is
the convex combination operator of m 2-tuples. If
wj = 1 and wi = 0 with i 6= j∀i, j, the convex com-
bination is defined as: Cm

2t{wi, bi, i = 1, . . . , m} =
bj . And if m = 2 then it is defined as:

C2
2t{wl, bl, l = 1, 2} =

= w1 ⊗ bj ⊕ (1− w1)⊗ bi = ∆(λ),

where λ = ∆−1(bi) + w1 · (∆−1(bj) − ∆−1(bi)),
bj , bi ∈ S × [−.5, .5), (bj ≥ bi), λ ∈ [0,G].

MA-LOWA2t, like MA-OWA is a neat OWA
and their weights are calculated in functions of the
cardinality of the elements to aggregate and they
are independent of the order. The operator is de-
fined as follows:

Definition 3. Let {(a1, α1), . . . , (am, αm)} be
a set of 2-tuple assessments to aggregate using a

majority-based scheme, then the MA-LOWA2t op-
erator φMA

2t is defined as:

φMA
2t ((a1, α1), . . . , (am, αm)) = W ·BT

= Cn
2t{wk, bk, k = 1, . . . , n} =

= w1 ⊗ b1 ⊕ (1− w1)⊗ Cn−1
2t {βh, bh, h = 2, . . . , n}

where m and n are the number of items
and number of groups to be aggregated respec-
tively, wi ∈ [0, 1] with

∑n
i=1 wi = 1 and bi

is the i-th element of {(a1, α1), . . . , (am, αm)}
that is ordered in ascender order by car-
dinalities. On the other hand, wi =

fi(b1, . . . , bn) = γ
δmin
i

θδmax ·θδmax−1 ·...·θδmin+1 ·θδmin
+

γ
δmin+1
i

θδmax ·θδmax−1 ·...·θδmin+1
+ . . . + γδmax

i

θδmax

with

γk
i =

{
1 if δi ≥ k
0 otherwise;

and

θi =
{

z + 1 if i 6= δmin

z otherwise;

where z = number of items with cardinality
≥ i.

δi generally represents the importance of the
element i using its cardinality. In the majority pro-
cesses are considered the formation of discussion or
majority groups depending on similarities or dis-
tances among the expertsï¿ 1

2 opinions. All values
with a minimum of separation are considered in-
side the same group. The calculation method for
the value δi is independent from the definition of
the majority operators. The importance value δi

can be calculated using the distance function:

dist((ai, αi), (aj , αj)) =

{
1 if |∆−1(ai, αi)−∆−1(aj , αj)| ≤ x
0 otherwise;

Then, the cardinality of (ai, αi) is calculated
as δi =

∑m
j=1,j 6=i dist((ai, αi), (aj , αj)). The value

x models the final size of each group.



3.1. Results
To test our proposal, an experimental study have
been realized at the Faculty of Psychology in the
University of Granada. In this study 26 tobacco
addict people have rated a set of 11 slides from the
IAPS on four dimensions: arousal, valence, domi-
nance and desire. For each dimension a SAM scale
with 9 human-like figures have been used. First,
each human-like figure has been translated to an
ordinal value from a linguistic variable P with 9
labels.

If we focus on the the ratings given by the par-
ticipants on the slide with code 3266 on the domi-
nance dimension we can observe the following val-
ues: {2, 2, 3, 5, 1, 1, 1, 2, 9, 7, 2, 2, 1, 1, 1, 1, 1, 1, 8, 1,
1, 1, 1, 7, 5, 1} where 73% of the values are lower or
equal to 2, and 54% are the value 1. The classical
aggregation operator (the mean) achieves an overall
rate equal to 2.62, whereas, the majority-based ag-
gregation operator MA-LOWA2t produces a value
equal to ∆−1(2,−.34) = 1.66 which is a overall rate
more related with the majority opinion. This value
is computed as follows:

First, values {2, 2, 3, 5, 1, 1, 1, 2, 9, 7, 2, 2, 1, 1, 1,
1, 1, 1, 8, 1, 1, 1, 1, 7, 5, 1} are represented as 2-tuple
values applying the ∆(·) function, then, we obtain
{(2, .0), (2, .0), (3, .0), (5, .0), (1, .0), (1, .0), (1, .0)
, (2, .0), (9, .0), (7, .0), (2, .0), (2, .0), (1, .0), (1, .0),
(1, .0), (1, .0), (1, .0), (1, .0), (8, .0), (1, .0), (1, .0),
(1, .0), (1, .0), (7, .0), (5, .0), (1, .0)}.

So, φMA
2t ((2, .0), (2, .0), . . . , (5, .0), (1, .0)) =

= W ·BT = C7
2t{wk, bk, k = 1, . . . , 7} =

= w1⊗b1⊕(1−w1)⊗C6
2t{βh, bh, h = 2, . . . , 7}.

where B = [(3, .0), (8, .0), (9, .0), (5, .0), (7, .0), (2, .0),
(1, .0)] with cardinalities [1, 1, 1, 2, 2, 5, 14]1, and
W = [0.005, 0.005, 0.005, 0.038, 0.038, 0.205,
0.705]. And for example, w6 is computed as:

w6 =
γδmin
6

θδmax · θδmin+2 · θδmin+1 · θδmin

+
γ

δmin+1
6

θδmax · θδmin+2 · θδmin+1

+
γ

δmin+2
6

θδmax · θδmin+2

+
γδmax
6

θδmax

with γδmin
6 = 1, γ

δmin+1
6 = 1, γ

δmin+2
6 = 1, γδmax

6 =
0, θδmax = 2, θδmin+2 = 3, θδmin+1 = 5, and θδmin =
7.

So, w6 = 1
2·3·5·7 + 1

2·3·5 + 1
2·3 = 0.205.

1Where δmin = 1, δmin+1 = 2, δmin+1 = 5 and δmax =
14.

4. Conclusions
In this work, a new majority-based aggregation
operator has been proposed and applying in a
real psychological study. Ratings given by par-
ticipants have been translated from the SAM
scales to 2-tuple values and aggregated using the
new majority-based aggregation operator, MA −
LOWA2t. Results show that overall rate produced
by MA − LOWA2t is a more consistence value
with the majority concept than that produced by
the mean (the classical aggregation operator used
in these type of studies), avoiding the distribution
problems.
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