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Summary
The potential of probabilistic choice models (the Bradley-Terry-Luce model, or preference trees) in scaling the
perceived unpleasantness of sounds was evaluated. To that effect, 74 subjects made pair-wise comparisons of
the unpleasantness of twelve binaurally-recorded, environmental sounds presented over headphones. The stimuli
varied in their psychoacoustic characteristics and half of them were of technical, half of natural origin. A more
sophisticated model than previously tested, namely a preference tree, was identified to account well for the
structure underlying the data, indicating (1) that subjects changed criteria, when evaluating different sound pairs,
and that (2) these criterion changes combined in a lawful way, so that it was possible to measure unpleasantness
on a ratio-scale level across the entire set of sounds investigated. Contrary to expectation, sound origin (technical
or natural) did not influence the unpleasantness judgments. Instead, the sounds could be grouped according to
their (non-acoustical) intrusiveness, and loudness. A subsequent multiple-regression analysis showed that in the
sub-groups of soft and loud sounds, a combination of sharpness (Smean) and roughness (Rmean), the latter
differing in magnitude for the two groups, explained the unpleasantness-scale values very well (r�

corr
� ����).

Direct magnitude estimates of unknown scale type, collected from the same listeners covered a much smaller
range of ratios, and were roughly linear with the logarithm of the ratio scale derived from the preference tree.
The advantage of the choice-theory modeling in providing information on the structure underlying the judgments
is discussed.

PACS no. 43.66.Yw, 43.50.Ba, 43.66.Cb

1. Introduction

In sound-quality evaluation, it is useful to distinguish be-
tween the specific qualities a sound possesses (which may
be captured by elementary psychoacoustic attributes such
as loudness, roughness, or tonalness), and the overall qual-
ity attributed to the sound (which may be construed as au-
ditory pleasantness, product-sound quality, or reproduced-
sound quality, depending on the domain studied). Re-
cently, Blauert and Jekosch [1] have emphasized this dis-
tinction, recommending to use the term sound character
for the auditory profile characterizing a sound, and reserv-
ing the term sound quality for its overall appreciation.

When we attempt to measure (overall) sound quality in
this way, we should be able to answer the following gen-
eral questions with regard to the stimulus set studied:

1. Do we obtain a consistent measure of overall quality
by querying our participants?

2. Is this measure uni-dimensional?
3. Is it based on a single decision criterion resp. a com-

mon set of criteria, or do different criteria come into
play, depending on the sounds under consideration?
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4. How does the overall quality measure relate to the
sound character, i.e. to each sound’s profile of elemen-
tary psychoacoustic attributes?

In the present study, we use the perceived unpleasant-
ness of environmental sounds as a simple paradigm to
investigate these issues. In the remainder of the article,
we first propose that conventional direct scaling meth-
ods using verbal or numeral categories, magnitude es-
timates, or visual analogue scales constitute inadequate
methodologies to provide satisfactory answers at least to
the first three questions raised above. In the following,
we therefore investigate alternative methodologies based
on paired-comparison data, and use probabilistic choice
models to represent the perceptual structure underlying
the sound-quality judgments. Finally, we explore how well
the structure found is predicted by known instrumental
metrics of sound quality. We will start out by develop-
ing the rationale for using these more sophisticated scal-
ing methodologies, and by specifying the advantages they
offer.

1.1. Scaling methodologies

The methodologies used in the majority of studies to col-
lect subjective evaluations of overall sound quality (e.g. in
the form of ”mean opinion scores”, MOS) leave the task
of ”measuring” it entirely up to the participant. The role
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of the scientist in this part of the study is confined to that
of a notetaker, who records whatever the participant pro-
nounces, and converts the verbal or numerical responses
made into (mathematical) numbers, the means (or medi-
ans) of which are taken to represent subjective magnitudes.
The problems of this ‘direct-scaling’ approach (discussed
more extensively in [2, 3, 4]) are that (1) no consistency
checks (other than retest reliability) may be performed on
such data, (2) the scale type (ratio, interval, ordinal1) of the
data is undetermined, and (3) it remains unclear, whether
the subject bases his or her evaluation on one, or several
(changing) attributes.

By contrast, methods of indirect scaling, such those de-
rived from axiomatic measurement theory [5, 6] and prob-
abilistic choice theory [7, 8], put the burden of construct-
ing the subjective scale on the scientist. Typically, they re-
quire all but very simple qualitative (e.g. preference) judg-
ments from participants and uncover a representation of
the data in terms of a quantitative scale by modeling the
observers’ decision strategies. They explicitly formulate
the conditions (axioms) under which measurement is pos-
sible, and specify the scale type of the outcome.

Yet another alternative for inferring scale values in
an indirect fashion is given by multidimensional scaling
(MDS; [9]). Here, typically, quantitative (dis)similarity
ratings are obtained for all stimulus pairs in a set. These
data are then analyzed statistically, extracting orthogonal
dimensions by which the pattern of similarity ratings may
be described parsimoniously.

MDS and choice-model approaches are complementary,
in that the former seeks to provide the sparsest solution,
statistically, while the latter aims at modeling the cognitive
processes actually involved. The MDS technique is not as
rigorously founded, however, in that it will always provide
some statistical solution, the applicability of which can-
not be properly proved, or disproved. It is typically used
as a heuristical method, rather than one suited for scaling
a given attribute. Therefore, the focus of this paper shall
be on choice models, two of which are elaborated in the
following sections.

1.2. Probabilistic choice models

Depending on the decision strategies assumed, different
model classes can be investigated. For the present purpose,
the Bradley-Terry-Luce (BTL) model and the preference-
tree model are specified.

1.2.1. BTL model

One particular approach, the BTL model [10, 11], has –
some 40 years after its inception – found its way into oc-
casional applications by psychoacousticians [12, 13, 14,
15, 16, 17] interested in representing paired-comparison
data on a metric scale.

The BTL model may be derived from Luce’s [10] choice
axiom, and postulates a very simple relationship between

1 Strictly speaking, it may happen that the test objects – unnoticed by the
experimenter – cannot even be consistently judged on an ordinal scale.

preference probabilities, as observed in an experiment, and
the scale values (with respect to the attribute in question)
to be inferred via modeling:

pab �
v�a�

v�a� � v�b�
� (1)

where pab denotes the probability of “prefering” object a
over object b (e.g. judging it to sound louder, more an-
noying, or more tonal, depending on the task in a paired-
comparison experiment), and v�a�, v�b� are the scale
values of the objects (with respect to loudness, annoy-
ance, tonalness, for example). This model puts strong con-
straints on the structure in the data: Note that given a set of
stimuli a, b, c, etc., the scale value for one stimulus v�a�
can be chosen freely. The v-scale values for any other two
stimuli are then determined by two preference probabili-
ties (say pab and pbc), and the remaining preference proba-
bility in any triple, pac, is to be predicted accurately, using
the same v-scale values. Furthermore, it can be shown that
the v-scale thus defined constitutes a ratio scale, unique up
to multiplication by a positive constant.

The criticisms raised earlier with respect to the indeter-
minacies of a direct-scaling outcome thus do not apply to
a properly constructed BTL scale, since (1) the approach
allows for prior consistency checks of the raw data, e.g. in
terms of the transitivity of paired comparisons [2, 7], (2)
it specifies the scale type of the representation, and (3) it
requires one-dimensionality of the underlying judgments,
otherwise the model will be rejected [7].

The simplicity of the BTL model, however, also entails
its major drawback: It is highly restrictive in that it requires
context independence of the paired-comparison judgments
to hold. In a psychoacoustical context that means that the
auditory features used when comparing object a with ob-
ject b must be the same as those used when comparing a
and c, for all pairs of objects. For example, if the elemen-
tary sound attributes of loudness, roughness, sharpness,
and tonalness are used by listeners to determine auditory
(un-)pleasantness, they must be applied uniformly across
all pairs to be judged. It is not hard to see, how this require-
ment may break down for a given set of stimuli. Typically,
that happens when similarities emerge for subsets of the
stimuli, and when the decision strategy shifts to disregard-
ing these similarities, and focusing on the distinguishing
features. If two stimuli are equal in their perceived sharp-
ness, for example, but differ in loudness, only the latter
sound attribute might be used as a basis for the decision.

1.2.2. Preference trees

Fortunately, less restrictive models have been developed to
account for these situations, namely preference-tree [18]
models, or a further generalization, called elimination-by-
aspects (EBA) models [19]. The preference-tree model,
for example, accounts for the situation sketched above by
modifying the model equation in a seemingly slight, but
significant way:

pab �
u�a� � b��

u�a� � b�� � u�b� � a��
� (2)
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Now the preference probabilities do not simply depend on
the v-scale values (as in eq. 1), but rather on modified scale
values that reflect the influence of the ”unique” features
only, with a� � b� denoting the set of features of sound
a that it does not share with b, and b� � a� refering to
the set of features of sound b that it does not share with
a. The consequence, when fitting this model, is that addi-
tional parameters will have to be estimated that reflect the
common features defining subgroups of the stimuli. Note
that these features do not necessarily have to be salient to
the observer (or the experimenter, for that matter), their
emergence is subject to empirical evaluation, only.

Except for two exploratory studies from our laboratory
investigating tonal prominence [20, 21], the less restrictive
choice models (preference trees, EBA) have not been used
in psychoacoustics. Furthermore, most of the cited work
using the BTL model employed it as a scaling heuristic,
and did not include rigorous model tests. Therefore, it is
conceivable that some of the data sets explored using the
BTL approach might have been better accounted for by a
preference tree, for example. The unavailability of perti-
nent statistical software has made it hard, however, to ex-
plore these more sophisticated choice models. That situ-
ation has improved, since (a) a tutorial-like overview of
the steps involved in testing these models [2], and (b) a
software module that estimates, and tests BTL, preference
tree, and EBA models [22] have recently been published.

1.3. Auditory unpleasantness reconsidered

In the present study, the potential of the more sophisticated
choice models is investigated with respect to judgments
of overall auditory unpleasantness. Overall unpleasantness
may be seen as a high-level sound-quality attribute which
may be traced back to multiple, more elementary features
of sound character. In terms of the models discussed, it
is highly likely that the sound features the listener bases
his or her decision on vary, depending on the sounds to be
compared.

An earlier study using the BTL-model approach [16]
found a heterogeneous set of ten environmental sounds
to be well represented by the BTL model; that is, a ratio
scale of auditory unpleasantness emerged. Furthermore,
the scaling outcome was well predicted by instrumental
measures of elementary sound-quality attributes, so-called
basic psychoacoustic metrics, namely a combination of
roughness, and sharpness. A drawback of the study was,
however, that the sound selection was rather arbitrary, and
that loudness, and roughness, for example, correlated so
highly in the stimulus set that it was impossible to disen-
tangle their contribution.

Therefore, in an attempt to minimize such correlations,
a more “balanced” stimulus sample was used in the present
study. Such a stimulus set has been made available by Jo-
hannsen and Prante [23] in an article published in this jour-
nal, that provides a rather complete psychoacoustical anal-
ysis of 25 sounds, which were explicitly selected to con-
tain orthogonal, i.e. uncorrelated, combinations of known
psychoacoustic metrics.

Furthermore, in order to facilitate the emergence of sub-
groups of the sounds, for the present study, a set of six
“technical sounds” was contrasted with an equal number
of “natural sounds” that were similar with respect to the
profile of their psychoacoustic indices. It was hypothe-
sized that a preference-tree analysis might reveal these
subgroups, if the origin of the sound is relevant to its evalu-
ation. Stimulus subgroups, if they emerged, might also be
governed by different ”combination metrics”, that is dif-
ferent ways in which elementary psychoacoustic attributes
combine to yield the overall evaluation. This hypothesis
shall be tested using group-wise instrumental metrics of
sound character as predictors of overall unpleasantness.

1.4. Goals of the present study

In terms of the general questions raised at the outset, the
goals of the present study are to
1. determine whether a consistent measure of overall

quality, specifically auditory unpleasantness may be
obtained,

2. establish the dimensionality and scale type of this
measure, considering more sophisticated probabilistic
choice models than have been previously applied in
psychoacoustics, and

3. relate the overall quality measure to indices of the
sound character, i.e. to each sound’s profile of ele-
mentary psychoacoustic attributes, using a stimulus set
that has been optimized with respect to the independent
variation of these attributes.
Two more specific research issues related to these hy-
potheses are

4. to determine, whether sounds of technical vs. natural
origin are judged differently with respect to their un-
pleasantness, and

5. to investigate whether the more economic method of
direct magnitude estimation yields similar scale values
as the more time-consuming indirect scale construction
from paired comparisons.

2. Method
2.1. Subjects

Data were collected from a sample of 79 participants, con-
sisting of university students, who were paid hourly wages
for participation in the experiment, and a small number of
staff members from the Department of Acoustics. With the
exception of the first and second author who also partici-
pated, the subjects were oblivious to the goals of the inves-
tigation, and the nature of the sound sources.2 As assessed
by self-reports, none of the subjects suffered from cur-
rent hearing impairments. For five participants, the paired-
comparison data and the direct magnitude estimates were
contradictory, in that sounds judged to be highly unpleas-
ant in one paradigm were rated not at all unpleasant in

2 Including two of the authors was considered unproblematic, since none
of the research questions was directional in nature, i.e. the questions did
not lend themselves to clear-cut hypotheses to be retained or disproved,
or to expectations that might have guided the participant’s answers.
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the other. We concluded that these participants may have
misunderstood the instructions to one of the experimental
tasks, and therefore excluded their entire data from further
analysis. The remaining 74 participants were between 20
and 45 years of age (mean age: 25.3 years), and consisted
of 30 female, and 44 male listeners.

2.2. Stimuli and Apparatus

Stimuli were taken from a set of 25 natural and industrial
sounds, which were systematically collected, binaurally
recorded, and extensively documented by Johannsen and
Prante [23] to be available for further study. Twelve sounds
were selected for the present investigation half of which
were of technical (denoted Ti in Table I), and half of nat-
ural origin (denoted Ni in Table I). They were matched in
pairs (identified by the indices in Table I) having roughly
similar profiles with respect to psychoacoustic loudness
(N�), sharpness (S��), and roughness (R��) according to
the measurements reported in [23]. The sounds had a uni-
form duration of approximately 5 s.

All stimuli – including a 94-dB SPL calibration tone
– were available in audio format on a compact disc pub-
lished along with the article [23]. These files were con-
verted to 16-bit, 44.1 kHz wave format, and pre-processed
to equalize for the headphone response. That is they were
filtered with the inverse of the headphone transfer function
as measured on an artificial head [24] using the maximum-
length sequence (MLS) method. Subsequently, they were
set to be delivered at 6 dB below the recording level, since
pilot trials had indicated that reproduction at the origi-
nal levels would be too annoying for an extended paired-
comparison experiment. All stimuli were analysed (using
the Brüel & Kjær PULSE Sound Quality Module Type
7698) with respect to a number of psychoacoustic metrics
(defined in [25]). A list of the stimuli, and a summary of
relevant metrics (always giving the maximum of the left-
ear and right-ear values) is found in Table I. It shows that
our attempt to de-correlate the psychoacoustic metrics by
choosing appropriate stimuli was only partly successful:
The Pearson product-moment correlations of the values on
these metrics were r�N�S� � �����, r�N�R� � ����	
,
and r�R�S� � �����, with N refering to (mean) loud-
ness, S to sharpness, and R to roughness. Nevertheless,
the variance accounted for by these correlations was al-
ways less than 28%.

Playback and response collection were controlled by
a microcomputer that delivered the stimuli via a sound
card (RME Digital 96/8), after appropriate amplification
by a headphone amplifier (Behringer HA 903), to Beyer-
dynamic DT 990 headphones. Listening took place in a
double-walled, sound-attenuating chamber.

2.3. Procedure

All listeners participated in two sessions. In the first ses-
sion, dissimilarity ratings of all pairs of sounds were
collected. These data are not part of the current report.
The second session focused on the unpleasantness of the
sounds. In the beginning, all twelve sounds were played

back once more in a fixed order to ensure that the listeners
recalled the entire sound set.

Subsequently, they judged all pairs of stimuli once, in-
dicating which of the two stimuli in a pair sounded more
unpleasant to them. The sounds in a pair were separated by
a 500-ms pause, and subjects responded by pressing one of
two buttons labelled ‘1’ (first sound is more unpleasant),
or ‘2’ (second sound is more unpleasant) on a computer
keyboard. In all, each listener gave ��� � ����� � ��
judgments. Both the order within a pair, and the succession
of pairs were randomized separately for each subject. Af-
ter 33 assessments had been completed, there was a short
break. Subjects took up the task again in a self-paced man-
ner, after approx. 1 min. In all, data collection took ca. 20
min on average.

After completing the paired-comparison task, subjects
were asked to give direct magnitude-estimates of the un-
pleasantness of the 12 sounds as compared to a refer-
ence sound, i.e. the fan-noise. On every trial, listeners
were first presented with the reference, which was as-
signed an unpleasantness value of 10, displayed on the
computer screen. After a 500-ms pause, the second sound
was played, and subjects were asked to assess its unpleas-
antness, as they perceived it, relative to the standard sound.
Thus, if the second sound was twice as unpleasant as the
fan-noise, it should be given a value of “20”, if it was half
as unpleasant, its unpleasantness should be rated as “5”
etc. Subjects were made aware of the fact that they could
use whole numbers and decimals, but that an input of the
number ‘0’, or of negative numbers was not accepted. The
listeners typed their responses into a field using the com-
puter keyboard. For each subject, the unpleasantness of
each sound was assessed three times, thus �� � � � ��
sound-pairs were presented in a random sequence. After
the subject had given 18 estimates, a short pause was in-
troduced. In all, giving the magnitude estimates took ap-
proximately 12 min.

At the end of the session, subjects listened to each of the
sounds once more in a random sequence, and were asked
to identify the sound source by writing an appropriate label
into a chart.

3. Results

In the following, the quality of the paired-comparison data
is evaluated, before the choice models are specified, and
the model fits to the data are assessed statistically, using
likelihood-ratio tests. The scale values of unpleasantness
derived from the best-fitting model are then compared to
the direct magnitude-estimates obtained. Finally, the po-
tential of instrumental measures of basic sound-quality at-
tributes in predicting the scale-values of unpleasantness is
explored.

3.1. Consistency of paired comparisons

Before analyzing the adequacy of the choice models, the
data quality was checked by evaluating the ordinal con-
sistency of the judgments separately for each individual.
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Table I. Psychoacoustic metrics determined for the sounds. Note. The entries are the natural logarithm of the preference-tree values,
ln�PT �, average loudness (Nmean), the 5th loudness percentile (N�) average sharpness (Smean), roughness (R), fluctuation strength
(FS), and the prominence ratio (PR). Analyses were performed separately for each ear; the values in the table are the maximum across
ears.

Code Description ln(PT) Nmean N� Smean R FS PR

T� circular saw 5.00 42.50 46.90 6.72 2.53 0.80 5.85
N� stadium 2.37 57.60 64.10 3.65 1.57 1.29 3.64
T� dentist’s drill 3.69 27.40 33.10 5.74 1.70 1.22 19.20
N� waterfall 2.12 38.10 42.00 3.52 1.37 1.29 —
T� ship’s horn 2.51 43.20 69.20 2.32 4.39 1.36 8.73
N� stone in well 1.89 10.70 33.10 2.27 3.93 1.29 —
T� typewriter 2.24 13.20 25.70 4.07 4.30 1.29 5.49
N� hooves 1.58 16.20 26.30 2.54 5.04 2.28 —
T� fan 2.30 16.60 17.90 2.05 1.85 1.18 8.16
N� howling wind 1.67 7.68 9.75 1.33 1.63 0.73 6.34
T� tyre on gravel 1.54 8.89 13.10 2.36 2.35 1.28 —
N� wasp 3.96 8.61 19.50 1.53 2.13 1.08 8.96

That was done by counting the number of intransitivities,
or circular triads, in each individual data set. A circular
triad occurs, if a � b and b � c, but a � c. The partici-
pants produced a median number of 4.5 circular triads out
of a possible 70, and none of the 74 listeners exceeded the
number of intransitivities that may be expected to occur by
chance [26] alone (��-test, � � ����). Thus, all subjects
gave sufficiently consistent judgments of unpleasantness
to be included in further analyses.

Consequently, the data were pooled over individuals,
yielding a ��� �� matrix, given in Table II. In this cumu-
lative matrix, cell entries indicate how many individuals
judged the sound given in the row as more unpleasant than
the sound in the respective column.

The consistency of the “preference” probabilities evi-
dent from these pooled data may again be subjected to a
number of transitivity tests [7, 2]. Note that even with con-
sistent individual data, inconsistencies in the pooled data
set may occur, indicating the presence of groups of ob-
servers, who show different decision behavior, and should
therefore be analyzed separately.

Typically, three kinds of stochastic transitivity are dis-
tinguished: weak, moderate, and strong. Weak stochastic
transitivity (WST) holds, if for all stimulus triples a, b,
and c:
pab � ��� and pbc � ���, then pac � ���.
For the present data set, the cumulative data matrix did

not show any out of 220 possible violations of WST. That
implies that it is possible to establish a uni-dimensional or-
dering of the stimuli with respect to their unpleasantness
over all subjects. Furthermore, the data also showed mod-
erate stochastic transitivity (MST), in that
pab � ��� and pbc � ���, then pac � min�pab� pbc�

was only violated in a single instance in 220 tests, indicat-
ing that choice-models like the BTL-model, or preference
trees, may well be fit to represent the data. Interestingly,
the BTL model implies an even stronger form of transi-
tivity: strong stochastic transitivity (SST) which is given
by
pab � ��� and pbc � ���, then pac � max�pab� pbc�.

SST was violated in 39 of the 220 tests. Taken together,
these diagnostics suggest that the BTL model may not
hold, but that less restrictive models such as preference
trees, stand a good chance. Since, however, no statistical
tests are available to test for the significance of these vio-
lations, this conjecture will have to be confirmed by actu-
ally evaluating the fit of the various choice models, given
in the next section.

3.2. Choice-model representation of the sound set

As suspected, a likelihood-ratio test3 for the fit of the BTL
model (eq. 1) indicated significant departures from the
model prediction, ������ � 	
��; p � �����. The failure
of the BTL model may be due to a violation of context in-
dependence, i.e. to the fact that the criteria used in judging
unpleasantness may differ depending on the sounds enter-
ing into a paired comparison. That is often the case, if sub-
groups of sounds emerge in the stimulus set.

In this case, a preference tree might be suited to rep-
resent the data. Starting from the a-priori hypothesis that
”technical” vs. ”non-technical” sounds might be judged
according to different criteria, a preference tree branch-
ing off into two nodes thus defined was evaluated: Con-
trary to our expectation, however, neither a tree based on
our a-priori classification of technical, and natural, sounds
[������ � 	
��	; p � ����
], nor one based on the a-
posteriori labelling4 by the subjects [������ � ���;
p � �����] fit the data. Thus it may be concluded that
the type of sound source thus defined was not relevant in
judging unpleasantness.

Taking a closer look at the preference matrix, the sound
of a wasp recorded humming close to the listener’s left

3 All model testing and parameter estimation was done using the MAT-
LAB program published in [22].
4 When the sounds were categorized as technical or natural a posteriori,
i.e. based on the labels assigned in the identification task, the only sound
that turned out to be ambiguous with respect to its origin and that was
classified as being “natural” rather than “technical” in 58% of the cases
was the “tyre on gravel” sound.
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Table II. Cumulative paired-comparison matrix. Note. The cell entries denote the number of subjects (of a total of 74) who judged the
sound listed in the row as more unpleasant than the sound in the column.

Sound saw drill fan hoov. wind ship stad. well type. tyre wasp water

circular saw - 61 72 73 74 72 73 73 71 74 45 73
dentist’s drill 13 - 67 72 72 60 59 68 60 72 35 69
fan 2 7 - 64 68 27 34 58 43 68 17 39
hooves 1 2 10 - 29 4 7 20 3 46 6 14
howling wind 0 2 6 45 - 13 18 22 16 57 3 20
ship’s horn 2 14 47 70 61 - 43 53 44 64 17 48
stadium 1 15 40 67 56 31 - 53 43 64 17 45
stone in well 1 6 16 54 52 21 21 - 26 59 8 26
typewriter 3 14 31 71 58 30 31 48 - 70 11 42
tyre on gravel 0 2 6 28 17 10 10 15 4 - 4 11
wasp 29 39 57 68 71 57 57 66 63 70 - 63
waterfall 1 5 35 60 54 26 29 48 32 63 11 -

ear was identified as the prime obstacle for fitting a sim-
ple choice model. A preference tree with the ‘wasp’ on
a branch separate from all other sounds fared better than
the models previously suggested, but still did not pro-
vide a satisfactory fit; ����
� � �	���; p � ���	�. The
best preference-tree representation found (after exclud-
ing a number of other plausible alternatives) assumed the
‘non-wasp’ sounds to branch out once more, creating two
additional groups of stimuli (sounds T�, N�, T�, N�, T�,
N� vs. T�, N�, T�,N�, T� in Table I) which may be charac-
terized as a loud (N� � �� sone) vs. a soft (N� � �� sone;
s. Table I) group. This model, which assumes two addi-
tional nodes, one comprising the “non-wasp” sounds, and
one the soft sounds, provided a satisfactory fit to the data;
������ � �	�
�, p � ���	�. It is schematically depicted
in Figure 1. In a graphical preference-tree representation,
the path lengths starting from the origin are proportional to
the scale values, and the lengths of the “branches” leading
to a node are proportional to the degree of similarity of the
stimuli connecting to that node. Note, however, that Figure
1 is only schematic, in that it depicts the structure of the
tree, not the actual scale values. Due to their considerable
range, they are awkward to draw to scale in a graph; in-
stead, they are given in Table III, along with the associated
standard errors.

Given that a valid preference-tree structure was found,
the unpleasantness of the twelve environmental sounds can
be estimated on a ratio scale, rendering statements about
the unpleasantness ratio of two sounds meaningful. As-
signing a value of ten to the unpleasantness of the ‘fan’-
noise, the u-scale values obtained range from 4.66 (‘tyre
on gravel’) to 148.34 (‘circular saw’), i.e. they vary by a
factor of more than 30.

3.3. Direct magnitude estimation

In the direct-scaling task, listeners judged the unpleasant-
ness of each sound three times. Assessments were given
relative to a standard, the ‘fan’ noise, which had been as-
signed an unpleasantness value of 10 by instruction. The
geometric means of the magnitude estimates over all sub-
jects, and their standard errors, are given in Table III. The

wasp
tyre on
gravel

howling
wind

fan

typewriter

hooves

stadium

dentist’s drill

circular saw

ship’s horn

water fall

stone
in well

Figure 1. Schematic graph of the preference tree representation.

unpleasantness values thus obtained range from 3.72 for
‘tyre on gravel’ to 52.47 for the ‘circular saw’. Varying by
a factor of 14, the magnitude estimation scale is more com-
pressed than the preference-tree ratio scale. Plotting the
magnitude estimates over the logarithm of the preference-
tree scale values, as in Figure 2, yields an approximately
linear relation between the two scales. When the orderings
of sounds according to their unpleasantness are compared,
a few inconsistencies between preference-tree scale values
and magnitude estimates become obvious for the closely
spaced stimuli in the vicinity of the standard (see Figure 2
and Table III). Other than that, the agreement is quite high,
yielding a product-moment-correlation of r � ��� (or
even r � ��	 when the logarithms of the preference-tree
scale values are used as in Figure 2). Thus, the two types of
scales have 86%, and 96%, of their variability in common,
respectively.

3.4. Unpleasantness and psychoacoustic metrics

It is generally assumed that global unpleasantness judg-
ments may be predicted by a combination of elementary
sound characteristics, such as those captured by conven-
tional psychoacoustic metrics. To explore the validity of
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Table III. Scale-values of unpleasantness: Preference-tree repre-
sentation, and magnitude-estimates. Note. Scale values (Sv) of
the unpleasantness of twelve environmental sounds, and standard
errors. The sounds are ordered by magnitude in the ratio-scale,
preference-tree representation, in which the ‘fan’ sound was as-
signed a value of 10. The magnitude estimates are the geometric
means of the numbers given by the 74 listeners. They are based
on the ‘fan’ noise as a reference sound, which was assigned an
unpleasantness value of 10 by instruction.

Preference-tree Magnitude-estimation

Sound Sv SE Sv SE� SE
�

tyre on gravel 4.66 1.67 3.72 0.48 0.42
hooves 4.86 1.66 4.03 0.60 0.52
howling wind 5.30 1.63 5.41 0.47 0.43
stone in well 6.62 1.57 9.30 1.11 0.99
waterfall 8.31 1.54 11.99 1.49 1.33
typewriter 9.36 1.54 9.44 1.03 0.93
fan 10 1.53 8.57 0.58 0.55
stadium 10.74 1.55 16.89 2.33 2.05
ship’s horn 12.36 1.62 19.41 1.89 1.72
dentist’s drill 40.18 4.36 31.01 2.67 2.46
wasp 52.46 8.15 30.20 4.28 3.75
circular saw 148.34 10.05 52.47 4.87 4.46
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Figure 2. Relationship between preference-tree scale values (ab-
scissa) and direct magnitude estimates (ordinate). The solid line
is the best-fitting linear regression of the magnitude estimates
onto the logarithms of the preference-tree values.

this assumption for the present data set, a number of psy-
choacoustic indices, most of which are based on the work
of Zwicker and Fastl [25, 27], were computed for the 12
sounds investigated (see method section). Particularly, the
contribution of loudness (N)5, sharpness (S), roughness
(R), fluctuation strength (FS), and tonalness (PR) to over-
all unpleasantness was investigated as has been done in
previous studies [28, 29, 30, 16]. The metrics were oper-
ationalized as specified in Table I; for the statistical anal-

5 It turned out that the mean values of these parameters, over time, lead
to better predictions than any of the percentile measures often used.

ysis it turned out to be more informative to dichotomize
the prominence-ratio values [31] into a ”tonal component
present” (1) and ”not present” (0) score, since for four
sounds, no tonal component was detected.6

As for the unpleasantness scores to be predicted, both
the linear preference-tree scale values, and their loga-
rithms were explored. For the analyses presented below,
the (natural) logarithm of the preference-tree scale val-
ues was used for two reasons: (1) It generally led to a
marginally better prediction, and (2) it is linear with the
more conventional magnitude-estimation measure of un-
pleasantness, as is evident from Figure 2. Further note that
most instrumental sound-quality metrics, i.e. the predic-
tors for the overall evaluation, have also been developed
based on magnitude-estimation paradigms. When using
the logarithm of the estimated choice-model values as has
been done by other investigators [17, 32], the ratio scale
will of course be transformed into a difference scale, on
which interval information, only, is meaningful.

Applying a standard multiple, linear regression model
using the five psychoacoustic metrics as predictors, and
the natural logarithm of the preference-tree scores as the
criterion, did not produce a very encouraging result: Us-
ing a ‘step-wise’ approach to include or exclude predic-
tors, the only statistically significant predictor found was
mean sharpness (Smean) which accounted for but ����%
of the variance in unpleasantness scores. Subsequent anal-
yses revealed that the psychoacoustic indices did not fare
well in explaining the unpleasantness generated by the
‘wasp’ sound, leading to the conclusion that in this case,
other (psycho-)acoustic, or, more likely, non-acoustical
factors came into play. When the ‘wasp’-sound was ex-
cluded from the analysis, mean sharpness remained the
only statistically relevant linear contributor to unpleas-
antness, with its predictive power more than doubled to
R�

corr
� �����.

3.5. Preference-tree structure and psychoacoustic
metrics

In combining potential predictors of unpleasantness uni-
formly accross stimuli, it is assumed that the magnitude
of a predictor’s contribution to perceived unpleasantness
is equally strong for all sounds. Thus, the sub-grouping
information inherent in the preference-tree structure (see
Figure 1) is being ignored. It may well be the case, how-
ever, that in the subgroups of sounds found, different psy-
choacoustic predictors contribute to unpleasantness, or do
so to a different degree.

In order to test this more complex hypothesis, a condi-
tional multiple linear regression or, more simply, moder-
ator analysis [33, 34] was performed, in which both the
simple psychoacoustic metrics as well as those weighted

6 All analyses presented here are based on the maximum values, across
the ears, of the psychoacoustic indices. It is worth mentioning that using
the minimum or the mean values across the ears led to essentially the
same results in all cases, that is, to the same set of predictors, with the
predictive power of the regression models decreasing by less than �� of
the variance accounted for.
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by a group factor (the so-called interactions with the
group) were entered as predictors. Generally, both sets of
predictors covary to a large degree, leading to difficulties
in applying the regression algorithms. To circumvent this
problem of multicollinearity, the predictors were centered
around their expected value prior to the regression analy-
sis, as is recommended in the literature [33].

As a result, only two of the ten predictors showed a sta-
tistically significant influence on unpleasantness. As with
the multiple linear regression reported before, mean sharp-
ness Smean was found to contribute equally strong to un-
pleasantness in both groups defined by the preference tree,
while mean roughness Rmean had a larger effect on the
unpleasantness of the loud sounds (rightmost branch in
Figure 1) than the soft sounds. The resulting regression-
model

ln�PT � � ����
 � Smean � ����	 (3)

�

�
����	 �Rmean (loud sounds)
����� �Rmean (soft sounds)

predicted the data quite well, R�

corr � ����.
Unexpectedly, as seen in equation 3, roughness (the in-

clusion of which increased the variance accounted for by
roughly 14%) contributed negatively to unpleasantness;
the rougher the sound in the respective stimulus group, the
less unpleasant it was judged.

4. Discussion

The results of the present study have implications for three
issues which shall be discussed in turn: (1) the usefulness
of the choice-model approach taken, (2) modeling auditory
unpleasantness, and (3) the relationship between direct and
indirect scaling of auditory attributes.

4.1. Advantages of the choice-model approach

The main outcome of the present study is that it was pos-
sible to model paired comparisons of the unpleasantness
of a set of environmental sounds in such a way that a ratio
scale of the stimuli emerged. On such a scale unpleasant-
ness values may be interpreted as mathematical ratios, ren-
dering statements such as ”the circular saw sounds more
than 14 times as unpleasant as the fan-noise” meaningful.
Note that this is not possible, though often claimed, with
direct-estimation scales that postulate ratio properties via
instructions to the participants [4, 35]. Further note that the
scaling model evaluated based on probabilistic choice the-
ory (be it a BTL model or a preference tree) always has a
chance to fail, that is, to be rejected on statistical grounds;
thus lending its acceptance greater scientific credibility.

For the present experiment, accounting for the data in
terms of the BTL model did in fact fail. That requires
some explanation, since a previous investigation [16] had
derived a BTL scale for the auditory unpleasantness of a
set of similarly heterogeneous environmental sounds. The
sounds used in the present investigation were better doc-
umented, and more carefully selected [23] for eliciting a

wide variety of auditory attributes. The more sounds are to
be compared, however, and the more attributes available,
the more likely is it that subgroups of sounds exhibiting
similarities will emerge. This is known to conflict with
the context independence required by the BTL model [18],
and should lead us to expect its validity to be the exception,
rather than the rule. Other investigations from our labora-
tory, both on the tonalness [20], and the unpleasantness
of tyre sounds [32], always required more complex choice
models, i.e. preference trees, to account for the data. It may
be suspected that in some of the investigations using the
BTL approach, it was not put to a severe test, or not eval-
uated with respect to its alternatives.

What does it mean, that the present data may be mod-
eled by a ”preference tree” (s. Figure 1)? As with the BTL
model, a ratio-scale is obtained, but a different decision
model is shown to form its basis: One according to which
the attributes used in the paired comparison change de-
pending on the stimuli to be compared. More specifically,
subgroups of stimuli are being identified which share cer-
tain features that are disregarded in making comparisons
within the group, but become relevant if sounds from dif-
ferent groups are compared. Thus, in accordance with Fig-
ure 1, it turned out that loudness did not play a role in com-
paring the unpleasantness of the ‘stadium’ sound with the
‘dentist’s drill’, for example, while it was used when com-
paring the unpleasantness of the ‘stadium’ to that of the
‘fan’.

The multiple-regression analysis of the instrumental
measures of sound character provides further information:
When the group membership obtained from the preference
tree is introduced as a moderator variable, combination
metrics with different weights result for these two groups.
The details of how that is conceptualized will be discussed
in the next section.

4.2. Modeling auditory unpleasantness

The outcome of the present preference-tree modeling,
though based on a relatively small sample of sounds, pin-
points some of the problems in predicting overall audi-
tory unpleasantness. First of all, the fact that the sound
of a wasp required a separate parameter (i.e. branch) in
the model, and that its high annoyance was not accounted
for by a particular loudness, roughness, or sharpness, il-
lustrates the importance of non-acoustical factors in ex-
plaining auditory unpleasantness. Based on comments by
participants some of whom reported to instinctively have
ducked, or tried to wave off “the bee at their left ear”, the
excess annoyance of this sound may be tentatively char-
acterized as being due to its intrusiveness. It is typically
stated in the literature [25] that effects like that cannot be
part of psychoacoustical modeling; they are subject to sci-
entific investigation using other methods [36, 37].

But even when we focus on the two major branches of
the present preference-tree model, which are quite well
acounted for by psychoacoustical parameters, the fact that
listeners seem to shift criteria in comparing the sounds
argues against generic pleasantness or ”unbiased annoy-
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ance” metrics as have been proposed in the literature [29,
30, 28]. For the present outcome, it seems that two groups
of sounds are formed (s. Figure 1), which are largely de-
fined by different loudness ranges, suggesting that loud-
ness is dominant when comparing across these groups.
That interpretation is supported by the point-biserial cor-
relation between group membership and loudness being
r � �����, p � ����, and a stepwise discriminant analysis
showing that loudness is the only statistically significant
discriminator between the two groups; Wilk’s � � ��
��,
F ��� � � ����	, p � ����. As seen from the modera-
tor analysis, within each group, loudness is ignored, and
other parameters determine the outcome of the compari-
son: Overall, the estimated unpleasantness scores are best
predicted by a combination of sharpness and roughness, as
stated in eq. 3, with roughness being weighted differently
in the two groups.

It should be emphasized, however, that the variables en-
tering in our modeling of unpleasantness are the same that
have been discussed elsewhere [28, 25, 38], and that a re-
gression model incorporating only these well-established
metrics goes a long way in explaining judgments of over-
all sound quality, leaving not all that much room for non-
acoustical factors to play a role.

4.3. Direct vs. indirect scaling

Clearly, in many sound-quality applications, collecting
data on the factorial paired-comparison matrix with a large
number of subjects as was done here, is not feasable.
Therefore, it is worth investigating whether a shortcut to
get to the scale via direct estimation methods may be
taken. The present data collection using magnitude esti-
mation with a standard indicates that the estimates given
by the participants not only reflect the rank order of the
sounds when compared to the preference tree scale, but
also contain information about the relative distances be-
tween the test objects (as is evident in Figure 2).

The magnitude-estimation scale is, however, strongly
compressive when compared to the scale values estimated
from the paired comparisons, leading to a non-linear re-
lation between the two types of scales. Such non-linear
relations are often observed in psychophysics, for exam-
ple between magnitude, and category scales [39, 40]. Typ-
ically, they are due to some constraint on one of the
scales. In the present situation, cautious judgments avoid-
ing extreme numerical assignments (”regression bias”,
[41]) might have produced the compression of the magni-
tude scale. That is highly speculative, though, and in fact,
there is no good reason to believe, that the “raw” outcomes
of direct-estimation scales will be linearly related to sen-
sation magnitude [4, 35].

More importantly, the direct estimation techniques have
two shortcomings with respect to the choice-model ap-
proach advocated here: (1) their outcomes cannot be fal-
sified by subjecting them to rigorous transitivity checks,
and (2) they are not suited to reveal the structure inherent
in the judgments. That is they would not detect the kind of
criterion shifts observed in the present data, and thus lead

to incomplete modeling of the listeners’ behavior. Note
that collecting additional ratings on the features suppos-
edly underlying the decisions will not remedy the situa-
tion, since such ratings are fraught with the same problem
of undetermined dimensionality. Furthermore, the relevant
features might not be known or not be accessible to ex-
plicit labelling.

4.4. Conclusion

Regarding the general questions raised in the introduc-
tion, we may conclude in summary that a consistent, and
tractable, measure of overall quality (in this case: unpleas-
antness) can be obtained. This measure has ratio-scale
properties, and is based on multiple attributes with deci-
sion criteria shifting dependent on the sounds under con-
sideration. Finally, the auditory unpleasantness thus mea-
sured may be predicted quite well by conventional psy-
choacoustic metrics.

Therefore we hold that the choice-model approach illus-
trated here is well suited to play a role as a basic-science
instrument when it comes to establishing the dimensional-
ity of an attribute, and when the structure of a domain will
have to be explored. To this end, the less restrictive models
(preference trees, elimination-by-aspects) which have not
been previously applied in psychoacoustics, have greater
potential than the BTL heuristic previously used.
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