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Abstract. In the area of smartphone-based hearing screening, the number of
speech-in-noise tests available is growing rapidly. However, the available tests
are typically based on a univariate classification approach, for example using the
speech recognition threshold (SRT) or the number of correct responses. There is
still lack of multivariate approaches to screen for hearing loss (HL). Moreover, all
the screening methods developed so far do not assess the degree of HL, despite the
potential importance of this information in terms of patient education and clinical
follow-up. The aim of this study was to characterize multivariate approaches to
identify mild and moderate HL using a recently developed, validated speech-in-
noise test for hearing screening at a distance, namely the WHISPER (Widespread
Hearing Impairment Screening and PrEvention of Risk) test. The WHISPER test
is automated, minimally dependent on the listeners’ native language, it is based
on an optimized, efficient adaptive procedure, and it uses a multivariate approach.
The results showed that age and SRT were the features with highest performance
in identifying mild and moderate HL, respectively. Multivariate classifiers using
all theWHISPER features achieved better performance than univariate classifiers,
reaching an accuracy equal to 0.82 and 0.87 for mild and moderate HL, respec-
tively. Overall, this study suggested that mild and moderate HL may be discrimi-
nated with high accuracy using a set of features extracted from theWHISPER test,
laying the ground for the development of future self-administered speech-in-noise
tests able to provide specific recommendations based on the degree of HL.
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1 Introduction

In the growing field of mobile health (mHealth), a number of smartphone hearing health
apps have been developed for a variety of purposes, e.g., hearing screening, hearing aid
management, patient education, and hearing rehabilitation [1–5]. Hearing screening is
becoming increasingly popular as a means to increase awareness and identify the earlier
signs of age-related hearing loss (HL), which would be typically left unnoticed other-
wise [6, 7]. Among the validated apps introduced for adult hearing screening, some use
pure-tone audiometry whereas others use speech-in-noise testing. The interest around
speech-in-noise screening tests is growing as they can help detect real-life communica-
tion problems, for example difficulties in having conversations in noisy environments.
Moreover, differently than pure tone audiometry, speech-in-noise tests are less sensi-
tive to calibration procedures and can be performed in uncontrolled noise environments
[8–11].

Recently, we have developed and validated a novel, automated speech-in-noise
screening test viable for testing at a distance, e.g., through a web- or mobile-app, namely
theWHISPER test (Widespread Hearing Impairment Screening and PrEvention of Risk)
[12–16]. Differently than the majority of currently available speech-in-noise tests, the
WHISPER test is minimally dependent on the listeners’ native language, it is based on
an optimized, efficient adaptive procedure, and it extracts a list of variables in addition
to the speech recognition threshold (SRT), that is the most common variable used for
speech-based screening [12–15, 17]. Multivariate approaches to HL identification such
as the one used in the WHISPER test may help overcome the limitations of univariate
approaches based on SRT only. In fact, individuals with normal hearing may have poor
SRTs, whereas individuals with HLmay be able to reach satisfactory speech recognition
performance [18, 19]. Moreover, research has shown that features such as the subject’s
age or the average reaction time can help identify HL [13, 17, 18, 20, 21]. Nevertheless,
multivariate approaches to HL identification and classification are not widely adopted
yet.

In our previous studies, we have assessed the ability of multivariate approaches to
identify HL of mild degree or higher, using both the former and the newer World Health
Organization (WHO) definitions of HL (i.e., average value of pure-tone thresholds at 0.5,
1, 2, and 4 kHz (PTA) higher than 25 dB HL and higher than 20 dB HL, respectively [22,
23]). Specifically, in a preliminary sample of 148 participants (age = 52.1 ± 20.4 years;
age range: 20–89 years; 46 males, 102 female), we showed that multivariate classifiers
based on, for example, logistic regression (LR), support vector machines, k-nearest
neighbors, or random forest were more accurate than univariate classifiers to identify
HL of mild degree or higher, using the former WHO definition of HL [13, 15]. In the
same sample of participants, we showed that LR was also able to accurately predict the
self-perceived hearing handicap, as measured using the Hearing Handicap Inventory for
the Elderly–Screening Version (HHIE-S) [17]. In a larger sample of 207 participants
(age = 52 ± 20 years; age range: 20–89 years; 66 males, 141 female), we confirmed
that multivariate classifiers could achieve high accuracy (up to 0.85 with RF) and we
showed, using post-hoc explainability techniques, that he most important features for
the identification of mild HL, using the newer WHO definition, were age, SRT, average
reaction time, and percentage of correct responses [17].
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In all the above studies, multivariate algorithms were characterized considering
binary classification of two output classes, i.e., normal hearing vs HL (mild or higher).
Whereas binary classification can be appropriate for general HL detection, nevertheless
knowledge of the degree of HL (e.g., mild-to-moderate vs moderate) would be impor-
tant, particularly for hearing screening delivered at a distance using unsupervised tests
via web or smartphone. In fact, individuals with different degrees of HL should undergo
different intervention strategies and should be provided with different follow-up infor-
mation and educational content [24]. The aim of this study was to characterize, for the
first time, multivariate approaches to identify mild and moderate HL (mild HL: 20 dB
HL < PTA ≤ 40 dB HL; moderate HL: PTA > 40 dB HL) using the WHISPER test.

The article is organized as follows. Section 2 outlines the study participants and pro-
tocol and the data analysis approach used. Section 3 presents the results obtained in terms
of univariate and multivariate feature characterization and classification performances
for binary and multi-class classification (NH vs mild-to-moderate HL vs moderate HL).
Section 4 discusses the obtained results in the context of the available literature. Finally,
the conclusions of the study and the possible future developments are outlined in Sect. 5.

2 Methods

2.1 Participants and Procedure

The study sample included 350 participants (117 men, 223 women; age: mean 49 years,
range: 18–89 years) tested during HL awareness events. The study dataset includes 442
records (92 participants tested in both ears, 258 in one ear).

Pure-tone audiometry was performed at 0.5, 1, 2, and 4 kHz (Amplaid 177+ by
Amplifon, TDH49 headphones) and speech-in-noise testing using the WHISPER test.
Testing was performed in a quiet room at hearing screening and awareness initiatives.
The protocol was approved by the Politecnico di Milano Research Ethical Committee
(Opinion No. 2/2019, Feb 19, 2019; renewed by Opinion No. 13/2022, Apr 13, 2022).

The WHISPER test is delivered on a touch-screen interface and is based on an
adaptive procedure. Specifically, a sequence of meaningless vowel–consonant–vowel
(VCV) syllables (e.g., ata and asa) are presented at varying signal-to-noise ratio (SNR)
in a three-alternativemultiple-choice paradigm. Further details on theWHISPER test are
reported in [12, 15, 21]. The following features were extracted from the WHISPER test:
SRT, number of correct responses (#correct), percentage of correct responses (%correct),
average reaction time, and test duration.

2.2 Data Analysis

The ears tested were classified in three classes, following the WHO definitions of mild
and moderate HL [22, 23]. Specifically, the following three classes were defined: (i)
normal hearing (NH): PTA ≤ 20 dB HL; 299 ears (~68%); (ii) mild HL: 20 dB HL
< PTA ≤ 40 dB HL; 97 ears (~22%); and (iii) moderate HL: PTA > 40 dB HL; 46
ears (~10%). Six input features were considered for classification, i.e., the five features
extracted from the WHISPER test and the subject’s age.
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Univariate and Multivariate Characterization of Features. TheReceiver Operating
Characteristics (ROC) for binary classification (i.e., mild HL vs NH; and moderate HL
vs NH) were computed for each of the six input features and for LR on two combinations
of features, i.e.: (i) the full set of six features and (ii) a subset of features with AUC ≥
0.80 for both mild HL vs NH and moderate HL vs NH classification. The LR algorithm
was used following results from [15, 17].

The Shapiro-Wilk test was performed to check for normality of the distributions of
the six input features in the three output classes. As the distributions were not normal,
possible differences in median values between the three classes were assessed using
the Kruskal-Wallis test with Bonferroni correction. A significance level α = 0.05 was
considered.

Binary and Multiclass Classification Performance. Classification performance was
assessed by training a LR algorithm for binary classification (mild HL vs NL, moderate
HL vs NH) and multi-class classification (NH vs mild HL vs moderate HL). The data set
was randomly split into a training set including 80% of the sample (353 records) and a
test set including the remaining 20% (89 records). Stratification was applied to maintain
the same percentage of records in the two classes of the original data set in the training
and test partitions. Class weights were applied to the data to compute LR coefficients
to limit the effect of class imbalance, particularly for the moderate HL class. Data were
standardized to zero mean and unit variance. Due to the relatively small size of the data
set, 5-fold cross-validation was introduced on the training set to partially reduce the
influence of the selected partition on the trained model.

3 Results

Figure 1 shows the distributions of the six input features in the three output classes (NH,
mild HL, and moderate HL). Age, SRT, and average reaction time tended to increase
with increasing degree of HL. All the observed differences in median values of age, SRT,
and average reaction time were statistically significant, except for the age difference
between mild and moderate HL. The features #correct and %correct tended to decrease
with increasing degree of HL. All the observed differences in median values of #correct
and %correct were statistically significant. The test duration tended to increase fromNH
to mild HL, but not from NH or mild HL to moderate HL.

Figure 2 shows the ROC estimated using, for each HL class, the feature with highest
performance (age and SRT for mild and moderate HL, respectively) and using LR on (i)
the full set of six features and (ii) a subset of features with AUC ≥ 0.80, i.e. age, SRT,
and average reaction time. The univariate and multivariate performance of each feature
and feature combinations for mild HL vs NH classification and for moderate HL vs NH
classification is shown in Table 1 and Table 2, respectively.
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Fig. 1. Distribution of features in the three output classes: normal hearing, mild HL, andmoderate
HL. Statistically significant differences in median values between the classes are marked with *
(p < 0.05) and ** (p < 0.01).

The featurewith the highest performance formildHL identificationwas age,whereas
the one with highest performance for moderate HL identification was SRT (accuracy =
0.86 at the optimal cut-off value). For moderate HL identification, the performance of
age was lower than that of SRT but still relatively high (accuracy = 0.82). The optimal
cut-off values for age, SRT, average reaction time, and test duration increased frommild
to moderate HL, whereas those for %correct and #correct decreased with increasing
degree of HL, in line with the trends shown in Fig. 1. Using LR on combinations of three
or six features did not lead to improved performance formildHL identification, as shown
in Table 1. For moderate HL identification, LR on three and on six features achieved
improved performance (accuracy up to 0.90). In general, the highest performance for
both mild HL and moderate HL identification was observed using LR on the full set of
six features.

Table 3 shows the observed performance of LR for binary and multiclass classifi-
cation performance, as measured in the training set (average ± s.d. from 5-fold cross
validation) and in the test set. The observed accuracies were higher than 0.81 for binary
classification and equal to 0.72 for multiclass classification, with no remarkable dif-
ferences in performance between the average performance on the training set and the
estimated performance on the test set, suggesting no overfitting effects. For binary clas-
sification, both sensitivity and specificity were high, indicating very good performance.
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Fig. 2. ROC for binary classification (left-hand panel: mild HL vs NH; right-hand panel: mod-
erate HL vs NH). The three ROC shown represent: (i) the feature with the highest classification
performance, i.e. age for mild HL (dark blue) and SRT for moderate HL (red); (ii) LR of age, SRT,
and average reaction time (light blue); and (iii) LR of all the input features (black).

Table 1. Univariate and multivariate performance for mild HL at the optimal cut-off value.

Feature Sensitivity Specificity F1-score Cut-off AUC

Age 0.89 0.83 0.78 59 years 0.92

SRT 0.78 0.76 0.68 −12.14 dB SNR 0.85

Avg reaction time 0.74 0.75 0.64 1.9 s 0.80

Duration 0.57 0.61 0.48 252 s 0.58

%Correct 0.64 0.70 0.43 0.90 0.75

#Correct 0.67 0.66 0.44 66 0.74

LR (3 features) 0.86 0.86 0.79 – 0.92

LR (6 features) 0.87 0.86 0.80 – 0.93

The sensitivity in multiclass classification was lower compared to binary classification,
in line with the higher number of classes. Nevertheless, multiclass classification perfor-
mance was still good as sensitivity was around 0.70 and specificity was around 0.85. The
lower values of sensitivity, specificity, and accuracy measured in the test set shown in
Table 3 compared to those measured at the optimal cut-off value using the ROC (Table 1,
Table 2) are related to the use of machine learning, as opposed to simple ROC analysis,
and to the relatively small size of the dataset that leads to the observed variability in
performance due to the underlying uncertainty in data. This variability is demonstrated
by the observed standard deviation of the accuracy on the training set across 5-fold cross
validation (s.d. up to ± 0.05). The higher values of F1-score observed for moderate
HL vs NH classification compared to those shown in Table 2 may be related to the use
of class weights that may have partially compensated the effect of class imbalance on
F1-score estimates.



Multivariate Classification of Mild and Moderate Hearing Loss 87

Table 2. Univariate and multivariate performance for moderate HL at the optimal cut-off value.

Feature Sensitivity Specificity F1-score Cut-off AUC

Age 0.83 0.81 0.48 67 years 0.89

SRT 0.89 0.82 0.52 −7.48 dB SNR 0.89

Avg reaction time 0.83 0.72 0.38 2.20 s 0.83

Duration 0.41 0.70 0.19 274 s 0.49

%Correct 0.80 0.74 0.23 0.89 0.80

#Correct 0.82 0.78 0.24 60 0.88

LR (3 features) 0.93 0.82 0.52 – 0.92

LR (6 features) 0.93 0.86 0.57 – 0.93

Table 3. Binary and multiclass classification performance using LR.

Accuracy
(training)

Accuracy
(test)

F1-score
(training)

F1-score
(test)

Sens (test) Spec (test)

Mild
HL/NH

0.84 ± 0.05 0.81 0.83 ± 0.06 0.79 0.83 0.80

Moderate
HL/NH

0.85 ± 0.02 0.84 0.72 ± 0.03 0.72 0.89 0.84

Moderate
HL/mild
HL/NH

0.74 ± 0.04 0.72 0.63 ± 0.05 0.64 0.69 0.85

4 Discussion

The availability of methods for accurate identification of the degree of HL (i.e., mild vs
moderate) following hearing screening via unsupervised tests delivered through web-
or mobile- platforms would be important for tailoring clinical assessment and patient
education. Nevertheless, current univariate approaches typically target mild HL. Also,
there is still lack of multivariate approaches able to discriminate the degree of HL using
a speech-in-noise screening test. In this study, we characterized the univariate and multi-
variate performance of a set of six features extracted from theWHISPER speech-in-noise
screening test for the sake of identifying mild and moderate HL in unscreened adults.

Results in Fig. 1, Table 1, and Table 2 indicated that the univariate classification
performance of the six features extracted from the WHISPER platform varied with
varying degree of hearing loss. Specifically, the features with higher performance (i.e.,
AUC ≥ 0.80) for mild HL identification were age, SRT, and average reaction time.
The features with higher performance for moderate HL identification were age, SRT,
#Correct, average reaction time, and%correct. The highest accuracy at the optimal ROC
point was observed using age and a cut-off value equal to 59 years for mild HL and
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using SRT and a cut-off value equal to −7.48 dB SNR for moderate HL. Age and SRT
were the features with higher performance for both mild and moderate HL (AUC ≥
0.85), followed by average reaction time (AUC ≥ 0.80). The cut-off value for age, SRT,
and average reaction time increased with increasing degree of HL. The feature with the
lowest classification performance was test duration (AUC = 0.58 and 0.49 for mild and
moderate HL, respectively).

The relationship between SRT, pure-tone thresholds, and age is well known. Age-
related deficits in auditory and cognitive processing may play a role when speech is
presented in background noise such as in the proposed screening test [18, 25, 26]. As
shown in our earlier study, the interaction between age and PTA can accurately predict
SRT [12], in line with the fact that the ability to properly recognize speech is the result
of complex relationships between age, degree of HL, and cognitive abilities [27, 28].
The relevance of the average reaction time was also highlighted in previous studies in
relation tomildHL detection [13, 17] and it is confirmed here for bothmild andmoderate
HL classification. Regarding test duration, the univariate classification abilities were, in
general, poor, with negligible differences in the distributions of test duration across the
three classes. This may be interpreted in light of a compensation effect related to the
adaptive nature of the WHISPER procedure. In fact, individuals with increasing degree
of HL have in general poorer speech recognition abilities and worse cognitive abilities
and, as such, they tend to exhibit longer reaction times when responding to a given
stimulus in the trial. However, individuals with poorer speech recognition performance
tend to go through a lower number of trials in the adaptive procedure as the staircase
reaches convergence earlier if there is a high number of incorrect responses [12, 15, 17].

Multivariate characterization of features indicated that the classification performance
obtained using LR on age, SRT, and average reaction time (i.e., the three features with
AUC ≥ 0.80 for both mild and moderate HL) and the one obtained using LR on the full
set of six features led to increased performance compared to the best univariate feature.
LR on the six features yielded the highest performance for both mild and moderate HL
classification. These results suggest that a multivariate approach may be more accu-
rate than the best-performing univariate ones in discriminating different degrees of HL
from the speech-in-noise test here used. The accuracy obtained by training a ML clas-
sifier using the six features was 0.82 and 0.87 for mild and moderate HL, respectively,
suggesting high classification performance (Table 3).

The observed multivariate classification performance was equal to or higher than
that observed in previous studies or with other speech-in-noise tests. For example, iden-
tification of mild HL using the SRT estimated from English digits-in-noise test yielded
an accuracy equal to 0.82 [29]. In our previous study, using data from a smaller sample
of 207 participants, we observed an accuracy equal to 0.86 for mild HL using the full set
of six features [17]. The slightly lower accuracy observed in the current study may be
related to differences in the underlying data and classification approach. Specifically, in
[17] records with mild andmoderate HLwere aggregated in a single HL class, the output
classes NH and HL were balanced (54% vs 46%), and age was more strongly correlated
with HL. In a recent study, multiclass classification performance of the digits-in-noise
test was assessed using a univariate approach based on the estimated SRT in a large
sample of 3422 participants from the Rotterdam study. The observed accuracy at the
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optimal ROC point was 0.72 for mild HL (42% of the sample) and 0.95 for moderate HL
(12% of the sample) [30]. Another study assessed self-conducted SRT measured using
the German matrix sentence test in home settings against two criteria for HL, i.e. (i) the
earlierWHO criterion for mild HL (i.e., PTA> 25 dBHL), and (ii) the German criterion
for hearing aid indication (i.e., pure-tone threshold > 30 dB in one or more frequencies
between 500 Hz and 4 kHz), that is similar to a moderate HL criterion [31]. The study
showed that the accuracy for criterion (i) was 0.74 whereas that of criterion (ii) was 0.76,
i.e., lower than the performance here observed with our multivariate approach.

The study here shown has some limitations. First, the distribution of age and degree
of HL in our sample may not reflect that of the general population. For example, in our
sample we observed a prevalence of HL equal to 32% that is higher than the reported
prevalence of hearing loss in adults, i.e., about 20% [32]. This sampling bias may be
related to the experiment settings whereby data were collected primarily within the
context of hearing screening and awareness initiatives for the general public. For similar
reasons, the sample may have been biased towards higher age than that of the general
population. It will be important in future studies to limit the sampling bias and assess
the univariate and multivariate classification performance in a larger sample including
a higher proportion of individuals with NH and a higher proportion of middle aged
and young adults. In addition, our multivariate approach was based on a set of only six
features extracted from the WHISPER test. It will be interesting to investigate further
features, for example those related to psychometric functions estimated from the adaptive
procedure, or individual performance in subsets of stimuli (e.g., high-frequency vs low-
frequency stimuli), or more complex measures of reaction time. Inclusion of a cognitive
testing module into the WHISPER platform could also help address in more detail the
relationships between hearing sensitivity, speech recognition, reaction time, and aging.
Last, but not least, in this studywe focused on theWHISPER test only. Itwill be important
to investigate univariate and multivariate classification performance towards mild and
moderate HL using different automated speech-in-noise tests that may be delivered via
web or smartphone.

5 Conclusions

In this study we assessed, for the first time, the ability of univariate and multivariate
classifiers to identify mild and moderate HL in unscreened adults using a recently vali-
dated speech-in-noise test, the WHISPER test. The results showed that the features with
highest performance in identifying HL were different between mild and moderate HL.
Moreover, results showed that the performance of multivariate classifiers using the full
set of available features was better than that of the best-performing univariate classifiers,
reaching an accuracy equal to 0.82 and 0.87 for mild and moderate HL, respectively.
The results of this study are encouraging and suggest that mild and moderate HL may
be discriminated using a small set of features extracted from an automated speech-in-
noise screening test, laying the ground for the development of future self-administered
speech-in-noise tests viable for screening hearing and cognitive function at a distance
and potentially able to provide specific recommendations based on the degree of HL.
Access to amobile application that in a fewminutes can give a stratified indication on the
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degree of HL, considering not only the SRT but a broader picture of the subject, could
lead indeed to important benefits to individuals at risk of HL, who can quickly assess
their hearing, with improved accuracy as multivariate approaches can help overcome
limitations due to well-known mismatch between PTA and SRT in adults.
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