
Evaluating Emotional Algorithms using Psychological
Scales

Shangfei Wang
School of Computer Science and Technology

University of Science and Technology of China
Hefei, Anhui, P.R.China 230027

sfwang@ustc.edu.cn

Xufa Wang
School of Computer Science and Technology

University of Science and Technology of China
Hefei, Anhui, P.R.China 230027

xfwang@ustc.edu.cn

ABSTRACT
Evaluating the effectiveness of emotional algorithms is a
challenge in the research of affective computing. This paper
presents an evaluation method using psychological scales.
Affective interfaces and artifacts generated by different emo-
tional algorithms are regarded as the external stimuli, while
users’ feelings are regarded as subjective evaluations. Psy-
chophysical methods, such as the Scheffe method of paired
comparison, are adopted to measure users’ feelings and ob-
tain a psychological scale. Thus objects generated by differ-
ent algorithms can be compared on this psychological scale.
The higher the value, the better the algorithm is. Empiri-
cal studies on three kinds of emotional algorithms, namely
emotional image retrieval, emotional speech synthesis, and
emotional music generation, are used to illustrate various
uses of our approach and how it may be applied to evaluat-
ing affective interaction and user-centered design.

Categories and Subject Descriptors
H.5.2 [User Interfaces]: Evaluation/methodology

General Terms
Human Factors, Evaluation

Keywords
evaluation method, emotional algorithm, psychological scales

1. INTRODUCTION
Emotions play a very important role in human-human and

human-machine interaction. As a result, affective comput-
ing [1] has been the focus of much research in recent years
with significant progress having been made. However, since
human emotion is subjective and diverse, evaluating the ef-
fectiveness of emotional algorithms, which are used to gener-
ate different affective interfaces and artifacts, such as speech,
music and virtual agents, etc, is still a challenge.
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The key to evaluating emotional algorithms is assessing
users’ emotions while they are communicating with affec-
tive interfaces and artifacts. A few studies have been re-
ported in the past five years [2] [3] [4]. Höök [5] proposed
a two-tiered design and evaluation model, while Wiberg [6]
investigated to what extent traditional evaluation methods,
used for evaluating traditional usability, are applicable in
understanding individuals’ experiences of affective systems.
Chateau [7] developed AMUSE, an evaluation tool for affec-
tive interfaces that gathers and aggregates many sources of
data, including eye gaze and physiological data. Fallman [8]
introduced the Repertory Grid Technique for affective eval-
uation. Picard [9] considered behavior-based measures, in-
cluding both measures of body movements or physiological
signals and task-based performance measures. Regan [10]
provided a method using four physiological signals for quan-
tifying emotional states continuously during a play expe-
rience. Richard [11] used facial electromyography (EMG)
measures combined with verbal and performance measures
to provide feedback in the software design process on the
user’s emotional state. Isomursu [12] experimentally eval-
uated five self-report methods, including SAM [13], Emo-
cards [14], Experience Clip [15], 3E [16], and Mobile Feed-
back Application [17], for collecting information about emo-
tional responses to mobile applications. Haringer [18] pro-
posed a scalable user state assessment framework that in-
tegrates heterogeneous physiologic sensor configurations. In
this paper, we propose a new evaluation method using psy-
chological scales.

The difficulty of evaluating emotional algorithms lies in
how to use objective criteria to evaluate subjective feel-
ings [19]. Quantitative research on subjective feelings caused
by physical stimulation is one of the focuses in psychophysics
[20]. Inspired by this, we present an evaluation method us-
ing psychological scales. Affective interfaces and artifacts
generated by different emotional algorithms can be regarded
as the external physical stimuli, while the internal feelings
evoked as users are watching, listening to or using these
objects, can be seen as subjective evaluations of the algo-
rithms. By measuring users’ feelings, that is, by establishing
a psychological scale, the method is able to assess whether
emotional algorithms are good or bad. Experiments on emo-
tional image retrieval algorithms, emotional speech synthe-
sis algorithms, and emotional music generation algorithms
are used to prove the effectiveness of our approach. Thick
clothes images and wide view landscape images retrieved by
our algorithm and a random algorithm, happy, angry, fear-
ful, surprised, disgusted, and sad speeches generated by our



algorithm and MIT’s Affect Editor, and happy and sad mu-
sic generated by our algorithm and that given in [21] are
used in the psychological experiments. The test subjects
are required to give evaluations according to their own sub-
jective feelings. Scheffe’s method of paired comparisons [22]
is adopted to produce psychological interval scales. Thus,
quantitative evaluations of a variety of emotional algorithms
are obtained.

2. EVALUATION METHODS USING PSYCHO-
LOGICAL SCALES

Psychophysics investigates the relationships between sen-
sations in the psychological domain and stimuli in the physi-
cal domain. Inspired by this, our proposed evaluation method
is shown in Fig. 1. Affective artifacts generated by differ-
ent emotion algorithms, such as emotional speeches, music,
avatars, and robots, etc., are regarded as the external physi-
cal stimuli. These stimuli evoke the subjects’ feelings, which
are subjective evaluations of the algorithms. Psychophysical
scaling methods are used to collect reactive-level emotional
responses to the stimuli, and to analyze the relationships
between these responses and the artifacts produced by dif-
ferent algorithms. Though measuring users’ feelings, users’
subjective evaluations can be quantified on a psychological
scale. In other words, objects generated by different emo-
tional algorithms are sorted on the psychological scale. The
higher the ranking on the scale, the better is the correspond-
ing algorithm. Thus we can quantitatively evaluate a variety
of algorithms.
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Figure 1: Psychological scale-based evaluation
method for emotional algorithms

There are typically four kinds of scales, namely nominal,
ordinal, interval, and ratio scales. The nominal scale is quali-
tative, rather than quantitative, because there is no ordering
of the resulting categories. Moreover, since it is difficult to
define absolute zero for a user’s subjective evaluation, ratio
scales are not suitable either in our approach. This leaves
the ordinal and interval scales.

There are two main methods for producing ordinal and in-
terval scales: the rank-order method and paired comparison
method. In the former method, all items are presented to
one or more judges at once. The judge then orders the items
according to the specified judgment criterion. In the latter

method, items are presented in pairs to one or more judges.
For each pair, the judge selects the item that best satisfies
the specified judgment criterion. Both these methods can
yield an ordinal or interval-scale ordering of items along a di-
mension such as preference. Although space and time errors
may occur in the rank-order method, the paired compari-
son method can avoid such errors by comparing two items
twice using different presentation orders or locations. There-
fore, paired comparisons are recommended for our evalua-
tion method.

We adopt Scheffe’s paired comparison method [22], since
the judges are required not only to select the better item, but
also to give a score of the difference between the two items
according to the specified judgment criterion. Suppose there
are n items, then the number of comparisons is C2

n. For the
pair consisting of item i and item j, the judge k allocates a
5- or 7-step score to the difference between them according
to the criterion of how closely the emotion evoked by each
item comes to the given emotional requirement. This score
is denoted by xijk. Summarizing the scores of all the judges
according to Eq. (1), we obtain the matrix X = (xij)n×n.

xij =

KX
i=1

xijk (1)

where K is the number of judges. Then analysis of vari-
ance (ANOVA) is used to analyze the matrix to get αitemj ,
which is regarded as the position of item j on the psycho-
logical scale. Thereafter, we may identify the statistically
significant pair wise differences. If the distance between two
items is larger than the threshold, it means that the dif-
ference between the two items is statistically significant at
the α = 0.05 or 0.01 level. Otherwise, the difference is not
statistically significant.

3. EXPERIMENTS
Evaluation experiments on emotional image retrieval al-

gorithms, emotional speech synthesis algorithms, and emo-
tional music generation algorithms are used to prove the fea-
sibility of our proposed evaluation method. 20 judges from
our university, aged between 22 and 30, participated in the
test. Each was requested to give 5- or 7-step scores to the
difference between a pair of items according to the criterion
of how close the emotion expressed by the items came to the
given emotional requirement.

3.1 Evaluation experiments for emotional im-
age retrieval algorithms

The semantic structure of images comprises spatial rela-
tionships, objects, events, behavior, and emotion. Of these,
the emotional semantics is the most abstract, and is usu-
ally described by adjectives [19] such as happy, romantic,
brilliant etc. Emotional image retrieval was first studied
in Japan in the 1990’s. Since then, many retrieval algo-
rithms have been proposed and several prototype systems
have been developed. However, to-date there is still no stan-
dard image database, adjectives nor evaluation methods in
the field. Here, we evaluate our emotional image retrieval al-
gorithm [23] by comparison with a random algorithm using
our image database and adjectives.

3.1.1 Experimental design



Two kinds of emotional images, thick clothes images and
wide view landscape images were retrieved and compared.
For each adjective, six images were retrieved. Three of these
were retrieved by our algorithm using an Interactive Genetic
Algorithm (IGA), and labeled A, C, and E. The other three
images were selected randomly, and labeled B, D, and F.
The number of pairs of images used for the subjective test
was C2

6 = 15. For each pair, the two images were displayed
together, and then the judges scored the images according
to their satisfaction. For example, for thick clothes images,
we displayed images A and B simultaneously. If the judge
considered the clothes in image A to be much thicker than
those in image B, a rating of 2 was given. If he/she consid-
ered the clothes in image A to a little thicker than those in
image B, a rating of 1 was given. If he/she considered the
clothes in image A to be the same thickness as those in B,
a 0 rating was given. Otherwise, either -2 or -1 was given
as the score. We then collected all the judges’ ratings and
analyzed them using ANOVA.

3.1.2 Experimental analysis
Table 1 and Fig. 2 show the distances between the six im-

ages. The horizontal axis in Fig. 2 represents the constructed
psychological scale, with better evaluation depicted to the
right of the scale. If the distances are larger than the thresh-
old, it means that the difference between the two images is
statistically significant.

For the thick clothes images, the distance between E and B
on the psychological interval scale is larger than the thresh-
old. This means that A, C, and E, which were retrieved
by our algorithm, are statistically significantly better than
D, B, and F, which were selected randomly, both at the
α = 0.05 and α = 0.01 levels. From this we conclude that
our retrieval algorithm is better than the random algorithm.
Furthermore, although A is given a better evaluation than
C, and C is given a better evaluation than E, the distances
between A and C, A and E, and C and E, are not larger than
the threshold. So we cannot conclude that A obtains a bet-
ter evaluation than either C or E with statistical significance.
This may be evidence of the stability of our algorithm. For
the wide view landscape images, C, A, and E are also statis-
tically significantly better than B, D, and F. However, D is
statistically significantly better than F. This may be caused
by the instability of the random algorithm. Thus, the exper-
imental results show that our retrieval algorithm is better
than the random algorithm.

3.2 Evaluation experiments for emotional speech
synthesis algorithms

Generating natural and expressive speeches is the goal of
the study of speech synthesis. Cahn at MIT first studied
emotional speech synthesis and developed the Affect Ed-
itor [24]. Whether the synthesized emotional speeches are
understood by users and which emotion synthesizer is better
are worthy of study. In this section, we assess two emotional
speech synthesis algorithms, our algorithm [25], which uses
an IGA to optimize prosody parameters, and the algorithm
developed at MIT, the Affect Editor.

3.2.1 Experimental design
Six kinds of emotional speeches were synthesized, namely

happy, angry, fearful, surprised, disgusted and sad speeches.

Table 1: Distances between retrieved images
thick clothes images

distance α = 0.01 α = 0.05
AC 0.267 < 0.439 0.267 < 0.369
CE 0.063 < 0.439 0.063 < 0.369
EB 1.008 > 0.439 ** 1.008 > 0.369 **
BF 0.131 < 0.439 0.131 < 0.369
FD 0.045 < 0.439 0.045 < 0.369

wide view Landscape images
distance α = 0.01 α = 0.05
EA 0.225 < 0.454 0.225 < 0.382
AC 0.088 < 0.454 0.088 < 0.382
CB 0.845 > 0.454 ** 0.845 > 0.382 **
BD 0.305 < 0.454 0.305 < 0.382
DF 0.705 > 0.454 ** 0.705 > 0.382 **
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Figure 2: Retrieved images on the psychological
scale

For each emotion, four samples were used as objects in the
evaluation experiments, including emotional speeches syn-
thesized by our algorithm, neutral speeches, random speeches
with the prosody parameters set randomly, and the emo-
tional speeches downloaded from the MIT website for the
Affect Editor. These samples were labeled B, D, C, and
A, respectively. The number of pairs of speeches used for
the subjective test was C2

4 = 6. Each pair of speeches was
played in turn, and then the judges scored the samples based
on their satisfaction. The procedure was similar to that de-
scribed in Section 3.1.1. Having collated all the reports, we
analyzed them using ANOVA.

3.2.2 Experimental analysis
Table 2 and Fig. 3 show the distances between four sam-

ples of the speeches. For all kinds of emotional speeches,
except anger, both A and B are significantly better than C
and D at both the α = 0.05 and α = 0.01 levels. This means
that the speeches synthesized by the MIT algorithm and our
algorithm are better than those synthesized by the random
algorithm and neutral speech. For the happy speech, B is
significantly better than A, while for fear, A is significantly
better than B. Furthermore, for the angry and surprised
speeches, A is given a superior evaluation to B, but this is
not significant. For the disgusted and sad speeches, although



Table 2: Distances between synthesized emotional
speeches

happy speech for I am almost finished
distance α = 0.01 α = 0.05
BA 0.17 > 0.15 ** 0.17 > 0.13 **
AD 1.11 > 0.15 ** 1.11 > 0.13 **
DC 1.07 > 0.15 ** 1.07 > 0.13 **

angry speech for I am almost finished
distance α = 0.01 α = 0.05
AB 0.09 < 0.27 0.09 < 0.25
BC 1.51 > 0.27 ** 1.51 > 0.25 **
CD 0.27 = 0.27 ** 0.27 > 0.25 **

fearful speech for I am going to the city
distance α = 0.01 α = 0.05
AB 0.76 > 0.39 ** 0.76 > 0.31 **
BD 0.28 < 0.39 0.28 < 0.31
DC 1.02 > 0.39 ** 1.02 > 0.31 **

surprised speech for I am going to the city
distance α = 0.01 α = 0.05
AB 0.06 < 0.25 0.06 < 0.21
BC 1.42 > 0.25 ** 1.42 > 0.21 **
CD 0.62 > 0.25 ** 0.62 > 0.21 **

disgusted speech for I thought you really meant it
distance α = 0.01 α = 0.05
BA 0.15 < 0.22 0.15 < 0.17
AD 0.35 > 0.22 ** 0.35 > 0.17 **
DC 1.25 > 0.22 ** 1.25 > 0.17 **

sad speech for I thought you really meant it
Distance α = 0.01 α = 0.05
BA 0.19 < 0.37 0.19 < 0.33
AC 0.88 > 0.37 ** 0.88 > 0.33 **
CD 1.03 > 0.37 ** 1.03 > 0.33 **

B is given a superior evaluation to A, it is not significant.
From the above, we may conclude that MIT’s algorithm is
as good as our algorithm, and far better than the random
algorithm. Both MIT’s algorithm and our algorithm are ef-
fective, since the synthesized speeches are superior to the
neutral speeches with significance in most cases.

For the angry, surprised and sad speeches, C is signifi-
cantly better than D, whereas for the other three emotions,
D is significantly better than C. This may be evidence of the
instability of the random algorithm.

3.3 Evaluation experiments on algorithms to
generate emotion music

Emotion is a key factor in music. In this section, we as-
sess our algorithm to generate emotional music [26] using a
modified KTH rule system [27], whose parameters are op-
timized by an IGA. We compare music generated by our
algorithm, a random algorithm, in which the parameters of
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Figure 3: Synthesized emotional speeches on the
psychological scale



Table 3: Distances between generated emotional
music

happy music
distance α = 0.01 α = 0.05
BA 0.836 > 0.338 ** 0.836 > 0.277 **
DA 0.175 < 0.338 0.175 < 0.277
AC 1.341 > 0.338 ** 1.341 > 0.277 **

sad music
distance α = 0.01 α = 0.05
BC 0.338 > 0.22 ** 0.338 > 0.18 **
CA 0.736 > 0.22 ** 0.736 > 0.18 **
BA 1.074 > 0.22 ** 1.074 > 0.18 **

the KTH system are set randomly, and the original KTH
system whose parameters are set by the authors in [21].

3.3.1 Experimental analysis
Two types of emotional music, happy and sad, were gen-

erated. For each emotion, we obtained four pieces of music,
one generated by our algorithm, one generated by the al-
gorithm in [21], and two generated randomly. These were
labeled B, A, C, and D, respectively. The number of pairs
used for the subjective test was C2

4 = 6. The experimen-
tal procedure was similar to that in Section 3.1.1. In this
section, the test subjects used 7-step scores to report their
feelings. All reports were subsequently collated and ana-
lyzed by ANOVA.

3.3.2 Experimental analysis
Table 3 and Fig. 4 show the statistical results. For both

happy and sad music, B is significantly better than A, C,
and D at the α = 0.05 and α = 0.01 levels. This leads us to
conclude that our algorithm is better than both that in [27]
and the random algorithm. One piece of randomly gener-
ated music is better than that generated by the algorithm
in [27]. This may be a result of the instability of the random
algorithm.
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Figure 4: Generated emotional music on the psy-
chological scale

4. CONCLUSION
The evaluation method is very important in the research

field of affective computing. The difficulty lies in how to
use objective criteria to evaluate subjective feelings. Psy-
chophysics investigates the relationships between sensations
in the psychological domain and stimuli in the physical do-
main. Inspired by this, we proposed an evaluation method
using psychological scales in this paper. Objects generated
by different emotional algorithms are regarded as the ex-
ternal stimuli, while users’ feelings are regarded as sub-
jective evaluations. Psychophysical methods, such as the
Scheffe method of paired comparison, were adopted to mea-
sure users’ feelings and obtain the psychological scale. Ob-
jects generated by different algorithms were then compared
on this psychological scale, where the higher the value, the
better the algorithm is. Case studies on three kinds of
emotional algorithms, emotional image retrieval, emotional
speech synthesis and emotional music generation, were used
to illustrate various uses of our approach and how it may be
applied in evaluating affective interaction and user centered
design.

Since subject evaluations are mainly relative, our pro-
posed method can only be given a relative evaluation by
comparing it with other algorithms. This is reasonable. How
to define an absolute evaluation parameter remains to be
considered in future research. Furthermore, a standard im-
age database, sentences for synthesis, and music scores for
generation are also envisaged in further research.

Emotion assessment is important in evaluation, which falls
into three categories: self-reporting, physiological measure-
ment, and emotion inference from observation [28]. Each
method has its advantages and disadvantages. A hybrid
evaluation method combining the advantages of the different
assessment techniques may be a worthwhile research topic.
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