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Abstract  Loudness is a suprathreshold percept that provides insight into the status 
of the entire auditory pathway. Individuals with matched thresholds can show indi-
vidual variability in their loudness perception that is currently not well understood. 
As a means to analyze and model listener variability, we introduce the multi-cate-
gory psychometric function (MCPF), a novel representation for categorical data that 
fully describes the probabilistic relationship between stimulus level and categorical-
loudness perception. We present results based on categorical loudness scaling (CLS) 
data for adults with normal-hearing (NH) and hearing loss (HL). We show how the 
MCPF can be used to improve CLS estimates, by combining listener models with 
maximum-likelihood (ML) estimation. We also describe how the MCPF could be 
used in an entropy-based stimulus-selection technique. These techniques utilize the 
probabilistic nature of categorical perception, a novel usage of this dimension of 
loudness information, to improve the quality of loudness measurements.
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1 � Introduction

Loudness is a manifestation of nonlinear suprathreshold perception that is altered 
when cochlear damage exists (Allen 2008). There are a number of techniques for 
measuring loudness perception (Florentine 2011); in this work we will focus on 
categorical loudness scaling (CLS). CLS is a task that has a well-studied relation-
ship with hearing loss, uses category labels that are ecologically valid (e.g., “Loud”, 
“Soft”), can be administered in a clinic relatively quickly (< 5 min/frequency), and 
requires little training on the part of the tester/listener. For these reasons, this task 
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has been used in a number of loudness studies (Allen et al. 1990; Al-Salim et al. 
2010; Brand and Hohmann 2002; Elberling, 1999; Heeren et al. 2013).

A listener’s CLS function, generally computed from the median stimulus level 
for each response category, is the measure typically used in analysis. This standard 
approach treats the variability in the response data as something to be removed. We 
propose to instead model the probabilistic nature of listener responses; these proba-
bilistic representations can be used to improve loudness measurements and further 
our understanding of the mechanisms underlying this perception. At each stimulus 
level, there is a probability distribution across categorical loudness responses; when 
plotted as a function of stimulus level, these distributions form a multi-category 
psychometric function (MCPF), modeling the statistics of the listeners’ categorical 
perception. This model can be applied to listener simulations or when incorporat-
ing probabilistic analysis techniques such as estimation, information, or detection 
theory into analysis and measurements.

We describe one such application (i.e., ML estimation) to improve the accuracy 
of the CLS function. The ISO recommendations (Kinkel 2007) for adaptive CLS 
testing are designed to constrain the test time to a duration that is clinically accept-
able. Due to the relatively low number of experimental trials, the natural variability 
of responses can create an inaccurate CLS function. Our proposed ML estimation 
approach is inspired by the work of Green (1993), who developed a technique for 
using estimation theory to determine the psychometric function of a “yes-no” task. 
We modify and extend this concept to estimate the MCPF that best describes an 
individual listener’s categorical loudness perception.

In this paper, we (1) introduce the concept of the MCPF representation, (2) de-
scribe a parameterization method for the representation, (3) use principal compo-
nent analysis (PCA) to create a representative catalog, (4) show MCPFs for NH 
and HL listeners, and (5) demonstrate how the catalog can be paired with a ML 
procedure to estimate an individual’s MCPF.

2 � Methods

2.1 � Multi-Category Psychometric Function

A psychometric function describes the probability of a particular response as a func-
tion of an experimental variable. We introduce the concept of a multi-category psy-
chometric function, which represents the probability distribution across multiple 
response categories as a function of an experimental variable.

In a MCPF, a family of curves demarcates the probabilities of multiple categories 
as a function of stimulus level. As an example, we demonstrate the construction 
of a hypothetical CLS MCPF for a NH listener, for an 11-category CLS scale, in 
Fig. 1. Figure 1a shows the listener’s probability distribution across categories at 
60 dB SPL. One can see that the loudness judgments are not constrained to one cat-
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egory, but, instead, form a unimodal distribution. Figure 1b shows the cumulative 
probability density function for the data in (a). The MCPF (Fig. 1c) is constructed 
by plotting the cumulative distribution (marked by circles in (b)) as a function of 
stimulus level. In Fig. 1c, the probabilities of the top categorical response at 60 dB 
SPL are marked with arrows; the vertical distance between the curves matches the 
probabilities shown in Fig. 1a, 1b.

2.2 � Parameterization

The MCPF curves are logistic functions that can be parameterized. A four-parameter 
logistic function ( | ),f x θ  was selected to represent each of the curves of the MCPF. 
For our 11-category CLS scale, each MCPF, ( , | )F x i θ  consists of 10 category-
boundary curves. Thus, the modeling implementation has 10 sets of parameters iθ  
that define the 10 curves of each MCPF.

� (1)( | )
1 ( | )B

A Df x D
x C

θ −
= +

+

, { , , , }x stimulus level A B C Dθ= =

0  10 20 30 40 50 60 70 80 90 100
0

0.2

0.4

0.6

0.8

1

C
um

ul
at

iv
e 

P
ro

ba
bi

lit
y

Level (dB)

CLS Multi-Category Psychometric Function

Not  
Heard

Very Soft
VSoft/Soft Soft

Soft/M
ed

M
edium

M
ed/Loud

Loud
Loud/VLoud

NotHeard Soft Medium Loud TooLoud
0

0.2
0.4
0.6
0.8

1

P
ro

ba
bi

lit
y

Loudness Category

Cumuluative Probabilities 
at Stimulus Level of 60 dB

NotHeard Soft Medium Loud TooLoud
0

0.2
0.4
0.6
0.8

1

P
ro

ba
bi

lit
y

Loudness Category

Probability Distribution 
at Stimulus Level of 60 dB

 a

b c
Fig. 1   Example MCPF, constructed from categorical probabilities. a Probability distribution 
across loudness categories at 60 dB SPL. b Cumulative probability function for loudness catego-
ries at 60 dB SPL; same data as a. c MCPF from 0 to 105 dB SPL. The vertical distance between 
curves represents the probability of each category. The 3 highest category probabilities at the 
60 dB SPL stimulus level are marked by arrows. Maximum categories are not labeled

 



158 A. C. Trevino et al.

� (2)

2.3 � A Representative Catalog

We have developed a “catalog” of MCPFs to be representative of both NH and HL 
listener CLS outcomes based on listener data. Each function in the catalog has the 
same form (Eq. 2) and is defined by a set of parameters, ( , 1, ,10).i iθ = …  A PCA 
analysis decomposes the primary sources of variability in the parameters. Let the 
matrix of all listener parameters be 1{ , },MX θ θ= …  where M  is the number of 
listeners, then the set of listener weightings, 1{ , , },MW w W= …  from the projec-
tions on the PCA eigenvectors v is .Xv W=  Permutations of the sampled weight-
ings were used to reconstruct the MCPFs that comprise the catalog. The superset of 
derived MCPF parameter sets that defines the catalog is denoted as .Θ

2.4 � Maximum-Likelihood Estimation

The catalog can be used to compute a ML estimate of a listener’s MCPF. This may 
be particularly useful when the number of experimental observations is relatively 
low, but an accurate estimate of a listener’s loudness perception is needed, as is the 
case in most adaptive-level CLS methods that would be used in the clinic.

We denote a listener’s raw CLS data as ( , ),x xN1 …  where N is the total number of 
experimental observations. The likelihood, ( ),⋅  of these observations is com-
puted for each catalog MCPF, ( | ),F x θ  maximizing over all potential parameter 
sets (i.e., all θ ∈Θ ). The maximization is computed over the functionally-equiva-
lent log-likelihood.

� (3)

Once the ML parameter set has been determined, it can be used to construct the 
listener’s MCPF, ( | ),F x θ  via Eqs. 1 and 2.
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2.5 � Experiment

2.5.1 � Participants

Sixteen NH listeners and 25 listeners with HL participated. One ear was tested per 
participant. NH participants had audiometric octave thresholds  ≤ 10  dB Hearing 
Level; participants with sensorineural HL had octave thresholds of 15–70 dB Hear-
ing Level (Table 1).

2.5.2 � Stimuli

Pure-tone stimuli (1000-ms duration, 25-ms onset/off cosine-squared ramps) were 
sampled at 44100 Hz. CLS was measured at 1 and 4 kHz. Stimuli were generated 
and presented using MATLAB.

2.5.3 � Fixed-Level Procedure

The CLS experimental methods generally followed the ISO standard (Kinkel 2007). 
Stimuli were presented monaurally over Sennheiser Professional HD 25-II head-
phones in a sound booth. Eleven loudness categories were displayed on a computer 
monitor as horizontal bars increasing in length from bottom to top. Every other bar 
between the “Not Heard” and “Too Loud” categories had a descriptive label (i.e., 
“Soft”, “Medium”, etc.). Participants clicked on the bar that corresponded to their 
loudness perception.

The CLS test was divided into two phases: (1) estimation of the dynamic range, 
and (2) the main experiment. In the main experiment, for each frequency, a fixed set 
of stimuli was composed of 20 repetitions at each level, with the presentation levels 
spanning the listener’s dynamic range in 5 dB steps. Stimulus order was pseudoran-
domized such that there were no consecutive identical stimuli and level differences 
between consecutive stimuli did not exceed 45 dB.

Table 1   NH and HL listener characteristics. N is the number of participants. Age, audiometric 
threshold, and loudness discomfort level ( LDL) are reported. Standard deviations are shown in 
parentheses. NA: tallies listeners that did not report a LDL from 0 to 105 dB SPL

N Age (yr) Threshold, 
1 kHz

Threshold, 
4 kHz

LDL, 1 kHz 
(dB SPL)

LDL, 4 kHz (dB 
SPL)

NH 15 38 (± 10) 2 dB HL (± 5) 5 dB HL (± 5) 102 (± 4) [6 
NA]

102 (± 4) [9 NA]

HL 22 53 (± 16) 31 dB HL 
(± 18)

51 dB HL 
(± 12)

102 (± 6) [3 
NA]

100 (± 4) [11 NA]
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2.5.4 � ISO Procedure for Testing ML Estimation

Five additional NH listeners, whose data were not used in the construction of the 
catalog, were recruited to complete an additional CLS task that used an adaptive 
stimulus-level selection technique, which conformed to the ISO standard. The adap-
tive technique calculated 10 levels that evenly spanned the dynamic range and pre-
sented these 3 times. For reference, for a listener with a 0–105 dB SPL dynamic 
range, the fixed-level procedure required 440 experimental trials while the ISO 
adaptive-level procedure required 30 trials.

3 � Results

3.1 � Individual Listener MCPFs

In each MCPF, the vertical distance between the upper and lower boundary curves 
for a category is the probability of that category. The steeper the slope of a curve, the 
more defined the distinction between categories, whereas shallower curves coincide 
with probability being more distributed across categories, over a range of levels. A 
wider probability distribution across categories indicates that the listener had more 
uncertainty (i.e. entropy) in their responses.

The NH and HL examples in Fig. 2 show some general patterns across both the 
1 and 4 kHz stimuli. The CLS functions show the characteristic loudness growth 
that has been documented for NH and HL listeners in the literature. The most un-
certainty (shallow slopes) is observed across the 5–25  CU categories. The most 
across-listener variability in category width is observed for 5 CU, which spans in 
width from a maximum of 50 dB to a minimum of 3 dB. A higher threshold and/or 
lower LDL results in a horizontally compressed MCPF; this compression narrows 
all intermediate categories.

The top two rows of Fig. 2 show data for two representative NH listeners, NH04 
at 1 kHz (1st row) and NH01 at 4 kHz (2nd row). Listener NH04 had a low amount 
of uncertainty in their categorical response choices, with the most sharply-defined 
category boundaries at the lowest levels. Compared to NH04, listener NH01 has 
a wider range of levels that correspond to 5 CU (“Very Soft”) and a lower LDL, 
leaving a smaller dynamic range for the remaining categories. This results in a hor-
izontally-compressed MCPF, mirroring the listener’s sharper growth of loudness 
in the CLS function. The bottom two rows of Fig. 2 show representative data for 
listeners with varying degrees of HL. Listener HL17 (3rd row) is an example of 
a listener with an elevated LDL. Listener HL11 (4th row) has LDL that is within 
the ranges of a NH listener; the higher threshold level causes the spacing between 
category boundary curves to be compressed horizontally. Despite this compression, 
this listener with HL has well-defined perceptual boundaries between categories 
(i.e., sharply-sloped boundary curves).
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Fig. 2   The CLS function and corresponding MCPF for 4 listeners: (1st row) NH04, 1 kHz stimuli, 
(2nd row) NH01, 4 kHz stimuli, (3rd row) HL17, 1 kHz stimuli, (4th row) HL11, 4 kHz stimuli. 
The CLS function plots the median level for each CU. The MCPFs show the raw data as solid lines 
and the parameterized logistic fits as dashed lines. Each listener’s audiometric threshold is marked 
with a vertical black line
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Fig. 3   Comparison of NH CLS results. The CLS function based on the fixed-level experiment 
is shown as a black line, representing the ‘best’ estimate of the listener’s loudness perception. 
The ISO-adaptive median is shown with red circles. The ML-based estimate is shown with green 
squares

 

3.2 � Construction of the MCPF Catalog

A PCA of the combined NH and HL data revealed that the first two eigenvectors 
were sufficient for capturing at least 90 % of the variability in the listener param-
eters ( )θ . Vector weightings for creating the MCPF catalog were evenly sampled 
from the range (2 standard deviations) of the individual listener weightings. Per-
mutations of 66 sampled weightings were combined to create the 1460 MCPFs that 
constitute the catalog.

3.3 � Application to ML estimation

The MCPF catalog contains models of loudness perception for a wide array of lis-
tener types. Here, we demonstrate how a ML technique can be used with the catalog 
to estimate a novel listener’s MCPF from a low number (≤ 30) of CLS experimental 
trials. As this adaptive technique has a maximum of three presentations at each 
stimulus level, a histogram-estimation of the MCPF from this sparse data can be 
inaccurate. The 50 % intercepts of the ML MCPF category boundary curves may 
be used to estimate the CLS function (examples in Fig. 3). The average root mean 
squared error (RMSE) (fixed-level data used as baseline) for the median of the 
adaptive stimulus-level technique was 6.7 dB, and the average RMSE for the ML 
estimate, based on the same adaptive technique data, was 4.2 dB. The ML MCPF 
estimate improves the accuracy of the resulting CLS function and provides a proba-
bilistic model of the listener’s loudness perception.
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4 � Discussion

The CLS MCPF describes how categorical perception changes with stimulus level. 
The results demonstrate that loudness perception of NH and HL listeners is a ran-
dom variable at each stimulus level, i.e., each level has a statistical distribution 
across loudness categories. The development of a probabilistic model for listen-
er loudness perception has a variety of advantages. The most common usage for 
probabilistic listener models is to simulate listener behavior for the development of 
experiments or listening devices. Probabilistic models also allow one to apply con-
cepts from detection, information, and estimation theory to the analysis of results 
and the methodology of the experiment.

In this paper, we show how a catalog of MCPFs can be used to find the ML 
estimate of a listener’s MCPF, when a relatively small number of experimental tri-
als are available. The ISO adaptive recommendation for CLS testing results in a 
relatively low number of experimental trials (≈ 15–30), in order to reduce the test-
ing time and make the test more clinically realizible. Although this is an efficient 
approach, due to the low number of samples, the resulting CLS function can be 
inaccurate. The ML estimate of a listener’s loudness perception based on this lower 
number of experimental trials is able to more accurately predict a listener’s underly-
ing CLS function, without removing outliers or using assumptions about the shape 
of the function to smooth the result. The MCPF catalog may be further exploited to 
develop optimal measurement methods; one such method would select experimen-
tal stimulus levels adaptively, such that each presentation maximizes the expected 
information. The ML MCPF estimate provides greater insight into the nature of the 
listener’s categorical perception (Torgerson 1958), while still allowing for clinical-
ly-acceptable test times.
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