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Introduction

An audiogram is one of the fundamental assessments in
audiology as its measurement outcome can precisely
characterize hearing thresholds and is used to fit hearing
devices. Recently, smartphone-based audiogram
measurements have attracted considerable interest because
of the benefits, e.g., easy access and early diagnostics [1].
However, measuring audiograms remotely via mobile
devices can be influenced due to, e.g., an uncalibrated device
or an uncontrolled acoustic environment. Therefore, using a
reliable supra-threshold test, e.g., categorical loudness
scaling (CLS) to predict the audiogram might be an option of
interest. In this study, we present a machine learning (ML)
based approach that could estimate standard audiograms (i.e.,
‘Bisgaard’ profile [2]) from a CLS measurement. A random
offset was added onto a large auditory database [3] including
audiograms and CLS data to simulate an uncalibrated, less-
controlled condition as the original data set is collected in a
well-controlled hearing center in Oldenburg.

Previously, most studies [4,10,11] estimated the hearing
threshold for a single frequency from CLS. This work,
however, classifies participants to one of the standard
audiograms. In addition, we applied a variety of widely used
Al tools based on a relatively large auditory dataset (N = 847
ears) while earlier studies employ a rather simple linear
regression model given data from a smaller cohort (e.g., N =
67 ears in [10]), which might limit the generalizability of
results. Moreover, we incorporate several supra-threshold
parameters (e.g., uncomfortable loudness level Lso) that are
not frequently taken into account by other studies as input
features. Overall, such an automatic ML-based system is
applicable for audiogram estimation independent of
calibration issues. Hence, this study investigates the
feasibility of employing various ML approaches to infer
standard audiograms using uncalibrated CLS data.

Methods

In the data set N = 847 ears were examined in total including
3 flat and moderately sloping classes (i.e., N2, N3, and N4,
see [2] for the shape of the standard audiogram) and 3
steeply sloping classes (i.e., S1, S2, and S3). More
specifically, there were N =221, 275, 80, 121, 95, and 55 for
the respective groups N2, N3, N4, S1, S2, and S3. The group
variable served as the output variable (i.e., prediction
outcome) of the ML system. The input variables (i.e., feature)
of the ML system were a total of 12 descriptive parameters
(i.e., Las: hearing threshold level, Ls: median loudness level,
Lso: uncomfortable loudness level, Lew: cut-off level, mnign:
the slope value of the high linear part of the loudness growth
function, miow: the slope value of the low linear part) derived
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from CLS at 1.5 and 4 kHz frequencies as described in [4].
In addition, to simulate a data set from mobile measurements,
i.e., with data flaws resulting from the uncalibrated and less
controlled condition, we added normally distributed
independent offsets on the 12 features, e.g., the offset on L2
at 1.5 kHz had a mean value of 16.7 and a standard deviation
value of 15.3. The complete values of the added offset on 12
features are reported in Table 1. These mean and standard
deviation values of the offset were determined by a pilot
experiment where N = 4 participants conducted both
standard, calibrated CLS test and uncalibrated CLS test
using their own smartphones.

Three types of ML models (i.e., unsupervised, supervised,
and explainable) were constructed to predict the standard
audiogram based on 12 loudness-related features. Principal
component analysis (PCA), as an unsupervised ML approach,
was applied in this study to reduce the dimensionality and
interpret the large data set. Two orthogonal principal
components (PC) were derived using PCA analysis. The R
packages ‘factoextra’ and ‘FactoMineR’ were used for
visualization and analysis, respectively [5,6].

Table 1: Overview of the added Gaussian-distributed offset
(mean + SD) on input variables.

1.5 kHz 4kHz
L5 (dB HL) 16.7£15.3 5.3+13.2
L»s (dB HL) 0.9+8.7 -8.546.0
Lso (dB HL) 9.7+4.5 -3.9+93
mpw (CU/dB HL) 0.1£0.2 0.2+0.3
muigh (CU/dB HL) -1.1£1.4 -1.1£1.6
Lew (dB HL) -2.549.5 -11.1£7.1

Seven supervised ML methods (i.e., decision tree (DT),
gradient boosting (GB), K nearest neighbor (KNN), logistics
regression (LR), neural network (NN), random forest (RF),
and support vector machine (SVM)) were trained to classify
the participants to the standard audiograms using features
from the CLS measurement. Ten-fold cross-validation was
applied: the whole data set was split into ten groups. For
each unique group, the other nine groups served as training
sets while the group was treated as a test set. The procedure
was repeated ten times. The hyper-parameters of the above-
mentioned seven models were configured as follows: In DT,
the criterion to measure the quality of a split was ‘entropy’
while the minimum number of samples required to split an
internal node was 5. RF employed ten trees in the forest. A
C-support vector classification (i.e., a type of SVM approach)
was trained, where C (i.e., regularization parameter) was set
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up to 1000. In KNN, the number of neighbors was 2. A ‘L2’
penalty was used in LR by default. In GB, the number of
boosting states to perform was 100 and the learning rate was
1.0. The maximum depth of the individual regression
estimators was set to 2. Lastly, there were 4 layers in NN,
consisting of one input layer, two hidden layers, and one
output layer. The first hidden layer contained 20 neurons
while the second contained ten neurons. The solver for
weight optimization was ‘lbfgs’ and the alpha value which
determines the strength of the L, regularization term was 10
3. The maximum number of iterations was 3000. Two
metrics (i.e., balanced accuracy and weighted F score) were
employed to evaluate the ML-model performance. The
balanced accuracy (BA) is given by:

1 TP TN 0
2 TP+ FN TTN+ FP’

where TP, TN, FP, and FN denote True Positive, True
Negative, False Positive, and False Negative, respectively.
The F| score of each class is calculated by:

BA =

2TP
2TP + FP + FN

In this study, the weighted F1 score average across all classes
was assessed, where the Fi score is a measure of the
harmonic mean of precision and recall. Both balanced
accuracy and weighted Fi score ranged between 0 and 1,
where 1 indicates the best classification performance. The
Python package ‘scikit-learn’ was used to implement all
seven supervised ML models [7].

Fy=
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Finally, an explainable ML method (i.e., SHapley Additive
exPlanations, SHAP [8,9]) was constructed to interpret how
input features influence the model output. The SHAP value
of each observation, quantifying how much importance of
the feature, was calculated and presented via a beeswarm
plot (i.e., a summary plot). A larger SHAP value indicated a
more important impact. All 12 input features were ranked
according to their importance on the model output by the
SHAP analysis. The Python package ‘shap’ [8] was used to
implement the SHAP method.

Results

Experiment 1: Unsupervised machine learning model

PCA results are presented in Figure 1. PCl1 and PC2
accounted for approximately 41.1% of variability in the
given data set. Loading vectors that are close to each other
imply a high correlation between features. In Figure 1, it is
evident that features miw and L2s had a high correlation as
both features are concerned with loudness perception at a
low level. On the contrary, Lcu, L2s, and Lso are highly
correlated since they are features describing loudness
perception at medium-to-loud levels. The high-level slopes
of the loudness functions mnigh did not load much onto either
PC1 or PC2. Most features were positively loaded onto PC1
except MLOW_1500 and MHIGH 4000. While miw and
La2s at 1.5 and 4 kHz were positively loaded onto PC2, the
other input features were negatively loaded onto PC2.
Moreover, a larger length of the loading vector implies that
the feature could more strongly contribute to the PC. As

shown in Figure 1, most features except mnign generally
exhibited strong contributions to PC.
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Figure 1: Results of principal component analysis. X- and
Y-axis denote the first (i.e., PC1) and second (i.e., PC2)
principal components. Each loading vector (arrow symbol)
represents an input feature.

Experiment 2: Supervised machine learning model

Results concerning the classification performance of the 7
supervised ML models are reported in Table 2. Several
classifiers (e.g., DT, NN, and RF) produced mean balanced
accuracy and weighted F; scores that were around 0.9 on the
training set, implying that they are trained properly. The
mean balanced accuracy and weighted Fi scores of GB and
SVM for the training set were 1.0, suggesting that GB and
SVM might be overfitted. In addition, KNN and LR might
be underfitted as the mean balanced accuracy and weighted
Fi scores on the training set were about 0.5.

Table 2: Comparison of 7 supervised ML models in terms
of balanced accuracy and weighted F score (mean + SD).
NN = Neural Network; GB = Gradient Boosting; LR =
Logistics Regression; KNN = K Nearest Neighbor; SVM =
Support Vector Machine; RF = Random Forest; DT =
Decision Tree.

balanced accuracy weighted F1 score

Train Test Train Test
DT 0.9+£0.01 | 0.32+0.06 | 0.92+0.01 | 0.35+0.06
GB 1.0+£0.00 | 0.33+0.05 1.0£0.00 | 0.38+0.05
KNN | 0.52+0.01 | 0.22+0.03 | 0.61+0.01 | 0.28+0.04
LR | 0.42+0.01 | 0.38+0.05 | 0.49+0.01 | 0.44+0.04
NN | 0.884+0.04 | 0.324£0.07 | 0.9+0.04 | 0.35+0.06
RF 0.984+0.01 | 0.32+0.04 | 0.98+0.00 | 0.39+0.05
SVM | 1.0+£0.00 | 0.27+0.05 1.0+0.00 0.3£0.05

Among all classifiers, LR had the highest balanced accuracy
and weighted Fi score on the test set while KNN had the
lowest. Moreover, RF exhibited a higher weighted Fi score




for the test set than DT. A pair-wise t-test was performed to
compare different ML models in terms of two metrics on the
test set. KNN significantly differed from DT, GB, LR, NN,
and RF for balanced accuracy (p < 0.05). Furthermore, LR
significantly differed from GB and SVM in terms of
balanced accuracy (p < 0.05). Moreover, the weighted F;
score of GB significantly differed from KNN, LR, and SVM
(p < 0.05). KNN significantly differed from LR and RF for
the weighted Fi score (p < 0.05). Finally, there was a
significant difference in weighted F; score between LR and
SVM, and RF and SVM (p < 0.05). The other pairs of
comparison were not significantly different.

Experiment 3: Explainable machine learning model
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Figure 2: Beeswarm plot. Each feature is ranked given the
importance, where the uppermost is the most important
whereas the bottommost is the least important. Each point
denotes an observation, of which the color means the
feature value. X-axis: SHAP value, revealing the impact on
model output. A larger SHAP wvalue implies more
importance.

The results of the SHAP analysis are presented in Figure 2.
L25 4000, L2.5 1500, and MLOW_4000 were the top three
most important features among all features while LS50 4000,
MHIGH_1500, and L25 1500 were the three least important
to model output. MHIGH_ 4000, LS50 1500 were among the
moderately important features. A higher value of L25 4000
(i.e., the blue points) appeared to have more impact on
model output, which suggests that participants who had a
high median loudness level at 4 kHz were more likely to be
correctly classified to one of the six standard audiograms.
However, a lower value of L2.5 1500 (i.e., the red points)
was more important to model output, which means people
who had a low hearing threshold level at 1.5 kHz were more
likely to be correctly classified. Both high and low values of
L25 1500 produced a low SHAP value (i.e., both red and
blue points were clustered around 0). Therefore, regardless
of its wvalues, L25 1500 was of minor importance in
determining the accuracy of the classification.

Discussion

In this study, we tested a variety of ML-based approaches to
predict standard audiograms based on loudness features from
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a large data set despite some data uncertainty arising from
the device calibration. Unsupervised ML model: PC1 and
PC2 explaining about 40% of the variation in the data were
derived. Supervised ML model: LR achieved the highest
balanced accuracy and weighted F; score among 7 classifiers.
Explainable ML model: among all 12 loudness features,
L25 4000 played the most important role in predicting the
standard audiograms while L25 1500 was the least
important.

Results indicated that supra-threshold parameters, which are
not taken into account frequently, are influential on model
output, as indicated in Figure 2. Data flaws often occur
during smartphone-based hearing tests as the mobile device
is not calibrated. We consider this by incorporating a
normal-distributed offset to each feature of the original
(calibrated) data set and training and testing ML models on
the processed data set. Even though this drastically reduces
the classification accuracy, it largely extends the
applicability.

A recent study [12] also estimated the complete audiogram
using an ML method, i.e., Bayesian active learning.
However, the whole ML systems between us and [12] are
different in many aspects. In terms of the input variable, we
employ the behavior data from a supra-threshold CLS
experimental paradigm while they exploit the data set from a
yes-no paradigm for threshold measurements. Moreover, we
classify the pre-specified standard audiograms (i.e., a
discrete variable as output) while [12] predict hearing
thresholds (i.e., a continuous quantity) as a function of
frequency.

LR worked best to distinguish 6 standard audiograms while
KNN worked worst among 7 supervised ML models.
Although the sample size N = 847 is already large in the
auditory discipline, it is still considered to be small in the
ML field. This is also supported by other studies [13], where
they reported that LR outperformed other more complicated
ML models, e.g., NN if the number of the data set was lower
than 20000. The poor performance of KNN might be
attributed to the high dimensionality of the data set (N = 12
in this study). As KNN mainly relies on Euclidean distance
as a criterion to conduct the classification, the Euclidean
distances between participants are trivial in high dimensional
data sets (see ‘curse of dimensionality’ in detail in [16]).
Therefore, KNN does not work well in the current study.
One possible way to avoid the problem would be to perform
some dimension reduction algorithms prior to KNN.

Among all features, it is expected that L[2.5 1500,
MLOW _4000, and L2.5 4000 are rather important for the
ML models to predict standard audiograms as they are
loudness measures at low loudness levels. It is surprising to
see that L25 4000 is the most influential feature. One
possible reason would be after adding the offset, the ML
systems rely more on it (supra-threshold level) and therefore
put more weight on it as it is more invariant against noise.
Features, e.g., L50 4000, MHIGH_1500, and L25 1500 are
of minor importance for the classification model. Since they
are parameters describing either uncomfortable loudness
level or high-level slope of the loudness functions, it would
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be possible that they are irrelevant if the prediction outcome
is the standard audiogram, i.e., the shape of frequency-
dependent hearing thresholds.

In the future, more relevant features (e.g., age, speech
recognition threshold, subjective assessments of hearing, etc.)
might be included to improve the accuracy as the current
prediction accuracy in the test set is still low [14,15]. Also,
the noise added to the features was uncorrelated in our case
which does not quite fit the practical case that the calibration
error is correlated across the different features and
frequencies. In addition, an optimized feature set should be
derived if more features are included. Currently, the
prediction outcome is the ‘Bisgaard’ profile, which is
derived only based on audiograms. We might extend it to the
auditory profile, which is extracted by the comprehensive
test battery containing some supra-threshold hearing tests.

Conclusion

Various ML-based models are examined to infer standard
audiograms using supra-threshold features from a CLS test.
A random offset was added to the original data set so that the
system was forced to produce a calibration-independent
prediction. Overall, the LR classifier has the best
performance and should be adopted in mobile device usage
while KNN works poorly. Among all loudness-related
features, the median loudness level at 4 kHz is the most
important feature while the median loudness level at 1.5 kHz
is the least important. In conclusion, we have shown, that
CLS data can be used to classify the hearing abilities to pre-
defined audiogram classes in a calibration-independent way.
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