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ABSTRACT

Purpose: Speech comprehension performance in noisy environments is a complex process that cannot be fully predicted
by standard audiometric assessments. The aim of this study is to use machine learning (ML) algorithms to predict
individuals' difficulties in understanding speech in noise based on clinical data.

Methods: The study utilized retrospective clinical data obtained from the Oldenburg Hearing Health Record (OHHR)
dataset. Machine learning algorithms were trained to classify speech-in-noise performance based on frequency-
dependent hearing thresholds, cognitive status, and demographic factors, as assessed by the Digit Triple Test (DTT).

Results: The trained models demonstrated high predictive accuracy in the classification task, with the highest
performance achieved by logistic regression (LR) (AUC=0.952), gradient boosting (GB) (AUC=0.951), and random forest
(RF) (AUC=0.951). The analyses indicate that, despite the model being provided with cognitive data such as Vocabulary
Size Test (VST), the algorithms derived their highest predictive power from pure-tone thresholds in the 1500-4000 Hz
range.

Conclusion: The findings confirm, based on the data, that the primary factor making it difficult to perceive speech in noise
originates from the peripheral auditory system. With the high classification accuracy achieved (AUC> 0.95), standard
hearing tests are transformed into a predictive clinical tool, providing a reliable digital decision-support mechanism for
individuals who struggle with speech comprehension in noise.
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O0ZET

Amag: Giriiltiili ortamlarda konusmayi anlama performans, standart odyometrik degerlendirmelerle tam olarak
ongoriilemeyen karmagik bir siirectir. Bu calismanin amaci; makine dgrenmesi algoritmalan kullanarak, bireylerin
giiriiltiide konugmayi anlama zorluklarini klinik veriler iizerinden tahmin etmektir.

Metot: Arastirmada, Oldenburg Hearing Health Record (OHHR) veri setinden elde edilen retrospektif klinik veriler
kullanilmigtir. Giiriiltiide konusma becerilerinin frekansa bagli isitme esikleri, bilissel durum ve demografik faktdrler ile
iliskili Digit Triple Test (DTT) bulgular iizerinden siniflandiriimasi amaciyla makine 6grenmesi algoritmalar egitilmistir.

Bulgular: Egitilen modeller, siniflandirma gérevinde yiiksek tahminsel basan gdstermis ve en yiiksek performans lojistik
regresyon (LR) (AUC=0.952), gradient boosting (GB) (AUC=0.951) ve rastgele orman (RF) (AUC=0.951) ile elde edilmistir.
Yapilan analizler; modele Kelime Dagaragi Testi (VST) gibi bilissel veriler sunulmasina ragmen, algoritmalarin en yiiksek
tahmin giiciinii 1500-4000 Hz saf ses esiklerinden aldigina isaret etmektedir.

Sonug: Elde edilen bulgular, giiriiltiide konusmayi algilamayi zorlagtiran birincil faktoriin periferik isitme sistemi kaynakli
oldugunu veriye dayal olarak dogrulamaktadir. Ulasilan yiiksek siniflandirma basansi (AUC>0.95) ile, standart isitme
testlerini dngoriicii bir klinik araca doniistiirerek giiriiltiide anlama zorlugu ceken bireyler icin giivenilir bir dijital karar
destek mekanizmasi sunulmaktadir.

Anahtar Kelimeler: Makine Ogrenmesi, Giiriiltiide Konusmayi Anlama, Saf Ses Odyometrisi
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Predicting Speech-in-Noise via Machine Learning

Ithough pure-tone audiometry is the gold
A standard for clinical assessment of hearing loss,

themere ability to hear does notimply that speech
is fully intelligible. High-frequency sensitivity is of critical
importance for the accurate perception of consonants and
speech, particularly in noisy environments (1). Therefore,
it is important to investigate the decisive impact of high-
frequency thresholds on speech understanding using
advanced methods such as machine learning (ML) (2).

In the current literature, speech recognition performance
in noise is typically assessed using linear statistical models
based on general variables such as age and pure-tone
average (PTA). However, the complex interaction between
peripheral hearing and cognitive mechanisms leads to
traditional models falling short in fully modeling the
auditory system (3). The inability of classical methods to
isolate the decisive effect of high frequencies results in the
inability to fully utilize audiometric data and to develop
precise, individual-specific risk prediction mechanisms (4).

ML algorithms offer a powerful alternative for overcoming
the limitations of traditional methods and accurately
identifying individual-specific risks. ML algorithms that
successfully model complex clinical patterns hold strong
potential for predicting risks to speech comprehension
performance by analyzing frequency-specific audiometric
profiles. It is believed that this innovative approach could
offer a more comprehensive clinical perspective for the
early identification of at-risk individuals compared to
traditional methods. Although the limited interpretability
of ML models may complicate clinical use, the application
of techniques that enhance the transparency of decision-
making mechanisms enables these complex models to be
safely implemented in audiological practice (5).

The primary objective of this study is to conduct a
multivariate analysis using six different ML models
to assess the impact of hearing thresholds, cognitive
capacity, and demographic factors on speech
comprehension performance in noisy environments.
The secondary objective is to objectively elucidate
the interaction between peripheral signal quality and
cognitive compensation mechanisms by determining
the importance hierarchy of these variables using SHAP
(SHapley Additive exPlanations) analysis.

Material and Methods
Dataset
The data used in this study were obtained from the

dataset titled “OHHR - The Oldenburg Hearing Health
Record,” prepared by Jafri et al. (2025) and shared on

the Zenodo open-access platform (6). The study utilized
demographic, cognitive, and audiological data from
572 participants (253 women, 44.2%; 319 men, 55.8%)
aged 18-86. Participants were divided into two groups
based on the calculated normative threshold: those with
“normal hearing” (n=283, mean age: 63.4 + 13.9) and
those with “difficulty understanding speech in noise”
(n=289, mean age: 71.1 £ 8.1). Since the data used in the
study were anonymized and obtained from an open-
access data platform, the Creative Commons Attribution
4.0 International license terms were applied for the use
of the dataset. All participants underwent pure-tone
audiometry, the Digit Triple Test (DTT) to assess speech
perception in noise, and the Vocabulary Size Test (VST)
to evaluate cognitive capacity, all administered in
accordance with standard clinical procedures.

Variables and measurement

The dependent variable of the study is DTT performance,
which reflects speech perception in noise; the
independent variables are demographic, cognitive, and
audiological data.

Dependent Variable: The primary outcome of the study
is DTT performance, which reflects speech perception
in noise. To enable the algorithms to perform binary
classification, a cutoff value (Mean + 2 Standard
Deviations) was calculated using the DTT scores of the
normal-hearing group (PTA<20 dB HL; (7)) as a reference.
Participants with DTT scores above this threshold were
coded as ‘those experiencing difficulty understanding
speech in noise, while those below were coded as ‘those
with normal distribution!

Independent Variables: The predictor variables used
in training the models were grouped into three main
categories: Demographic: Age and gender (Female=1,
Male=0), Cognitive: VST scores and educational level
coded on a 5-point scale (1: Elementary school - 5:
Graduate), Audiological: Average pure-tone thresholds
for the right and left ears, 8 separate air-conduction
thresholds measured for each ear in the 125-4000 Hz
range, and hearing aid usage history (None / Unilateral /
Bilateral).

The DTT is a reliable screening test that measures the
ability to understand speech in noisy environments (8).
This method, which yields universal results independent
of educational level, is currently accepted as a standard
criterion worldwide, including in the World Health
Organization’s (WHO) screening programs (9). In this
test, participants are asked to accurately repeat sets of
three-digit numbers presented in a noisy environment. In
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accordance with the clinical measurement standards and
research protocols of Hérzentrum Oldenburg (Germany),
where the data was collected, all stimuli during the DTT
application were presented to both ears using standard
audiometric headphones calibrated under acoustically
isolated test conditions, rather than through free-
field speakers. In the approximately three-minute test
protocol, the background masking noise was maintained
at a constant level of 65 dB SPL for most participants;
however, for individuals with severe hearing loss who
could not adequately hear at this level, the presentation
level was increased to 80 dB SPL to ensure the stimulus
was perceptible. A 1-up/1-down adaptive algorithm was
used to calculate the speech recognition threshold (SRT)
atwhich the individual achieved a 50% correct recognition
rate. The test procedure began at a positive Signal-to-
Noise Ratio (SNR) at which the participant could hear
comfortably; the speech stimulus level was adaptively
increased or decreased in 2 dB fixed steps based on each
correct or incorrect response to determine the final DTT
threshold value (6).

Speech perception in noise is strongly linked not only to
peripheral hearing but also to cognitive capacity (10). For
this purpose, the study utilized the Vocabulary Size Test
(VST), which measures individuals’ receptive vocabulary
and verbal intelligence (11). This test was integrated into
the analyses as a variable representing the potential for
cognitive processes to recover auditory signals masked in
noisy environments.

Data Preprocessing

During the data preprocessing stage, 9 participants with
missing data were excluded from the analysis without
using any specific assignment method to prevent
discrepancies in model performance. The classification
cutoff threshold was determined using the formula“Mean
+ 2 Standard Deviations,” in accordance with statistical
standards, based on the DTT scores of the reference group
of normal-hearing individuals.

To train and evaluate the models objectively, the dataset
was split into an 80% training set and a 20% test set.
To preserve the proportional distribution of the target
variable and prevent algorithmic biases arising from class
imbalance, a stratified sampling strategy was used instead
of random selection.

Having independent variables with different units of
measurement and numerical ranges (e.g. categorical
data in the 0-1 range and decibel values in the 0-90
range) negatively impacts the performance and variable
weighting of distance-based algorithms, K-Nearest

Neighbors (KNN) and Support Vector Machines (SVM). To
prevent this numerical imbalance from manipulating the
model outputs, a feature scaling procedure was applied.
During the data preprocessing stage, all continuous
variables in the study (age, audiological thresholds, DTT
and VST) were standardized using the StandardScaler
function in the Scikit-learn library (converted to Z-scores
with a mean of 0 and a variance of 1); categorical variables
were encoded in binary form and included in the model.

To evaluate the models’ performance and ensure
hyperparameter optimization, the Stratified 10-Fold
Cross-Validation procedure was applied exclusively to the
training dataset, with the hold-out test set completely
excluded. During this process, it was ensured that the
initial class distribution ratios of the ‘normal’ and difficulty’
groups were preserved in each fold. Additionally, to
prevent any data leakage during the training phase, data
preprocessing steps such as data scaling were not applied
to the entire dataset at once; instead, these steps were
calculated and repeated independently for each relevant
training subset within each fold of the cross-validation
loop via the data processing pipelines created.

All machine learning algorithms used in this study were
trained using the default hyperparameter configurations
of the Scikit-learn library in order to avoid overfitting
during the modeling process and to ensure the study’s
reproducibility by future researchers. The basic parameter
settings used for each model are summarized in Table 1.

Table 1. Parameters Used for the Models

Model Hyperparameter
penalty =12}
C=1.0,

Logistic Regression (LR) solver = Ibfgs!

max_iter = 100
criterion =gini;
max_depth = None,
min_samples_split = 2,
min_samples_leaf =1
n_neighbors =5,
weights =‘uniform,
metric =‘minkowski’,
p=2

C=1.0,

kernel ='rbf’,

gamma ='scale;
degree =3

Decision Tree (DT)

K-Nearest Neighbors (KNN)

Support Vector Machine (SVM)

n_estimators = 100,
criterion =‘gini;
max_depth = None,
min_samples_split =2
n_estimators = 100,
learning_rate =0.1,
max_depth =3,

loss =‘log_loss’

Random Forest (RF)

Gradient Boosting (GB)
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ML Models

ML models minimize the subjectivity of traditional
methods and improve diagnostic accuracy by analyzing
complex patterns in audiometric and demographic data.
In this study, the aim was to predict DTT findings based on
a set of independent variables consisting of age, gender,
education level, VST scores, hearing aid usage history,
pure-tone averages, and specific air-conduction hearing
thresholds (125-4000 Hz). To this end, six different
algorithms commonly used in classification problems in
the literature were employed, and their performances
were evaluated against one another.

Logistic Regression (LR): A linear classifier that models
the relationship between independent variables and a
binary target variable by mapping it to probability values
(0-1) via a sigmoid function. In our study, it was used
as a reference model to demonstrate the limitations of
linear approaches in explaining the nonlinear, complex
interactions between audiological data and cognitive
capacity (12).

Decision Tree (DT): A model that classifies data by
hierarchically branching from the root node to the leaves
based on specific features. This algorithm was included
in the analysis to provide a foundation illustrating how
ensemble algorithms, such as Random Forest and
Gradient Boosting, overcome the “overfitting” drawback
of a single tree (13).

Random Forest (RF): A ensemble learning algorithm
based on the logic of training multiple decision trees
independently and combining their results. It was selected
because it demonstrates high resistance to overfitting in
heterogeneous medical data (demographic, cognitive,
and audiological) and successfully maps nonlinear
relationships (14).

Gradient Boosting (GB): Unlike RF, this is an ensemble
model where trees are built sequentially rather than
independently; each new tree is trained to minimize
the errors of the previous one (15). In this study, the
GB algorithm was used because it offers an effective
approach to modeling the complex interactions between
frequency-specific thresholds and vocabulary capacity,
and because it has high potential for sensitivity in clinical
data.

Support Vector Machines (SVM): A nonlinear classification
algorithm that finds the optimal decision boundary
by maximizing the margin between classes (16). It was
included in the study because it serves asarobust reference
model offering high generalizability in challenging
audiological data where class boundaries overlap.

K-Nearest Neighbors (KNN): A non-parametric algorithm
that assigns data points to the majority class of their 'k’
nearest neighbors, typically calculated using the Euclidean
distance (17). It was used to test how well distance-based
algorithms could distinguish complex clinical boundaries
formed by variables at different scales, such as pure-tone
thresholds, age, and VST.

Model Interpretability and SHAP Analysis

A SHAP analysis was conducted to make the decision-
making mechanisms of ML models more transparent
and to evaluate the effects of audiological and cognitive
variables on predictions. This analysis was conducted
using the shap library in the Python environment, the GB
algorithm, which achieved the highest performance on
the test dataset. In the analysis, a global interpretability
approach was adopted to assess the overall impact of
variables on the model’s output. In this context, the
importance score of each variable was calculated as the
average of the absolute magnitudes of the local SHAP
values obtained from individual predictions. The obtained
values were visualized using SHAP summary plots; this
allowed for an objective presentation of both the relative
importance ranking of the variables and their effects on
the prediction direction (positive or negative).

Statistical Analysis

Traditional statistical analyses were performed using
Python 3.12 (SciPy). Data are presented as mean +
standard deviation for continuous variables, and as
frequency and percentage (n, %) for categorical variables.
The normality of the continuous variables was assessed
using the Kolmogorov-Smirnov test and visually
confirmed by examining histograms and Q-Q plots. After
verifying the distribution assumptions, the Independent
Samples t-test was used to compare continuous variables
(age, PTA, DTT, VST and education level) between the two
groups. For comparisons of categorical variables (gender
and hearing aid use) between groups, the Pearson Chi-
Square Test was applied. To assess the clinical significance
and practical impact of continuous variables showing
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statistically significant differences, effect sizes (Cohen’s d)
and 95% Confidence Intervals (95% Cl) were calculated. A
p-value of <0.05 was considered statistically significant in
all statistical analyses.

Model Evaluation Metrics

Confusion matrix-based metrics were used to objectively
compare the classification performance of the algorithms.
In this context, the following metrics were calculated:
Accuracy, which indicates the overall success rate; Recall,
which reflects the sensitivity in identifying those with
hearing difficulties; Specificity, which distinguishes
individuals with normal hearing; and the F1-Score,
which provides a harmonic mean to mitigate the risk
of imbalanced data. Additionally, ROC-AUC (Receiver
Operating Characteristic- Area Under the Curve) analysis
was performed and reported to demonstrate the models’
overall discriminatory power and clinical reliability,
independent of threshold values.

Results

Demographic and Audiological Characteristics of the
Participants

The demographic and audiological characteristics of the
57 participants in the study are summarized in Table 2,
with participants categorized as ‘normal’ (n=283) and
‘those with difficulty understanding speech in noise’
(n=289) based on the DTT threshold. The mean age of the
group with difficulty (71.1 £ 8.1) is significantly higher than
that of the normal group (63.4 = 13.9) (p<0.001). While
no difference was found in education levels (p=0.457),
statistically significant differences were observed
between the groups in terms of gender (predominantly
female in the normal group, predominantly male in the
group with difficulty), hearing aid usage rates (p<0.001),
and VST scores reflecting cognitive capacity (30.94 + 5.54
vs. 32.13 + 3.95; p=0.003).

Table 2. Demographic and Audiological Characteristics of Participants by Study Group

Variable Normal (n=283) | Difficulty (n=289) | p-value Cohen’s d (Effect Size) 95% Cl (Confidence Interval)
Age (Years, Mean + SD) 63.4+139 71.1+8.1 <0.001* 0.68 0.51-0.85
Age Range (Min - Max) 18-84 32-86
Gender (n, %) <0.001*

Female 160 (56.5%) 93 (32.2%)

Male 123 (43.5%) 196 (67.8%)
:gg':::;;?i o 207 +122 4854149 <0.001* 204 1.84-224
:':;tHE:';\:;‘:‘ .5 217 +15.1 4754132 <0.001* 1.82 163-2.02
DTT (dB SNR, Mean + SD) -7.65+1.12 -1.61+3.92 <0.001* 2.09 1.88-2.29
VST (Mean £ SD) 32.13+3.95 30.94 £ 5.54 0.003* 0.25 0.08-0.41
Education Level (Mean + SD) 3.3+0.38 3.2+0.7 0.457
Hearing Aid Use (n, %) <0.001*

Non-user 245 (86.6%) 67 (23.2%)

Unilateral 9(3.2%) 9(3.1%)

Bilateral 29 (10.2%) 213 (73.7%)

SD: Standard Deviation, PTA: Pure Tone Average, DTT: Digit Triple Test, VST: Vocabulary Size Test, dB: Decibel, HL: Hearing Level, SNR: Signal-to-Noise Ratio.
For intergroup comparisons, the Independent Samples T-Test was used for continuous variables and the Pearson Chi-Square Test for categorical variables.
*indicates a statistically significant difference (p < 0.05).

Data are presented as mean * standard deviation (Mean + SD), minimum-maximum range, or frequency and percentage (n, %).

Note: For continuous variables showing statistically significant differences, the effect size was calculated using Cohen’s d formula and presented along
with 95% confidence intervals (Cl).
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Clinically, while the PTA of the normal group was
within normal limits (~21 dB HL), this value reached the
moderate hearing loss level (~48 dB HL) in the group
with hearing difficulties. Significant differences were
observed between the two groups in DTT performance
(-7.65 vs. -1.61 dB SNR) and PTA scores (p<0.001). To
assess the clinical significance and practical implications
of these statistical differences, effect sizes (Cohen’s d)
and 95% confidence intervals (95% Cl) were calculated.
According to the analysis results, the clinical audiological
parameters DTT (d = 2.09; 95% Cl: 1.88-2.29), Right Ear
PTA (d = 2.04; 95% Cl: 1.84-2.24), and Left Ear PTA (d =
1.82; 95% Cl: 1.63-2.02) were found to have very large
effect sizes. While a moderate effect was observed for the
age variable (d = 0.68; 95% Cl: 0.51-0.85), a small effect
size was found in the difference in VST scores a cognitive
metric showing significant differences between groups
(d = 0.25; 95% Cl: 0.08-0.41). This table of effect sizes
indicates that the clinical differences observed in speech
comprehension in noise are concentrated to a significant
extent in audiological sensitivity losses rather than in
cognitive capacity. These differences have established a
clinically significant database for ML models to be used in
subsequent stages.

Normative Data-Based Cut-Off Analysis

A data-driven cut-off threshold was determined to
establish a binary classification structure for ML models.
According to WHO criteria, 173 participants with
normal hearing were used as the reference group. This
group’s average DTT score was -8.12 dB, with a standard
deviation of 1.06 dB. In accordance with the literature,
the normative cutoff of -5.99 dB SNR was calculated using
the “Mean + 2 Standard Deviations” formula. Participants
with DTT scores above this threshold were classified as
difficulty (n=289), while those below were classified as
normal (n=283). This homogeneous distribution between

the groups prevented the risk of bias arising from class
imbalance during model training.

Performance of ML Models

The classification performance of the models is detailed
in Table 3, showing that all algorithms achieved an
accuracy of over 85% and an ROC-AUC score of over 0.90.
In the overall evaluation, the GB algorithm emerged as
the most successful classifier with the highest accuracy
(89.6%), specificity (91.2%), and F1 score (89.5%). In terms
of sensitivity the ability to correctly identify patients at
risk, which is of critical importance in clinical diagnostic
processes SVM achieved the highest value at 91.4%. In
ROC-AUC scores, which indicate discriminatory power
independent of the classification threshold, LR (0.952),
GB (0.951), and RF (0.951) fell within the 0.95 range,
these values are considered to represent a high level of
discriminatory capacity in the literature. These findings
support the notion that audiological and cognitive
variables possess strong predictive potential in forecasting
DTT outcomes.

Stability and Cross-Validation Analysis of the Models

The results of the 10-fold cross-validation, conducted to
evaluate the generalizability and stability of the models,
are presented in Table 4. GB achieved the highest average
accuracy of 90.73%, making it the most successful
algorithm in capturing audiological patterns. RF, with a
low standard deviation of +2.03%, emerged as the most
stable model against variations in the data. The fact that
all models demonstrated accuracy above 86% and a
standard deviation below 3% indicated that there was no
risk of overfitting. This high stability provided a reliable
foundation for the SHAP analyses in the next phase of the
study.

Table 3. Comparative Classification Performance of ML Models

Model Accuracy Sensitivity Specificity Precision F1 Score ROC-AUC
Logistic Regression (LR) 86.1% 87.9% 84.2% 85.0% 86.4% 0.952
Decision Tree (DT) 86.1% 82.8% 89.5% 88.9% 85.7% 0.901
K-Nearest Neighbors (KNN) 85.2% 84.5% 86.0% 86.0% 85.2% 0.920
Support Vector Machine (SVM) 87.8% 91.4% 84.2% 85.5% 88.3% 0.948
Random Forest (RF) 87.8% 87.9% 87.7% 87.9% 87.9% 0.951
Gradient Boosting (GB) 89.6% 87.9% 91.2% 91.1% 89.5% 0.951
ML: Machine Learning, ROC: Receiver Operating Characteristic, AUC: Area Under the Curve
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Table 4. Performance and Stability Results of the Models in a 10-Fold Cross-Validation

Model Mean Accuracy Standard Deviation (+ SD)
Logistic Regression (LR) 89.17% +2.55%

Decision Tree (DT) 89.17% +2.90%
K-Nearest Neighbors (KNN) 86.71% +2.85%

Support Vector Machine (SVM) 88.99% +2.32%

Random Forest (RF) 89.68% +2.03%
Gradient Boosting (GB) 90.73% +2.62%

SD: Standard Deviation

Confusion Matrices and ROC Curve Analyses of the Models

When examining the specific classification tendencies of
the algorithms through confusion matrices—specifically
Type 1 (false positive) and Type 2 (false negative) errors—
the low and balanced error rates of the models confirm
their diagnostic reliability. According to the analysis results,
SVM achieved the highest sensitivity at 91.4%, enhancing
clinical reliability by minimizing the risk of overlooking
individuals with difficulties (false negatives). On the other
hand, the GB model demonstrated superior performance

in avoiding the misclassification of healthy individuals
(false positives) with a peak specificity of 91.2%, which
supports the model’s discriminatory potential. The ROC
curves, which visualize the models overall discriminatory
capacity, are presented in Figure 1. The fact that all
algorithms’ AUC scores are above 0.90 and cluster around
the 0.95 range supports their high diagnostic power. To
identify the underlying audiological dynamics behind
this success and determine which variables the models
prioritized in their decision-making processes, the study
proceeded to the next phase: SHAP analysis.

Figure 1. Figure 1. ROC Curves of ML Algorithms on the Test Set
ML: Machine Learning, ROC: Receiver Operating Characteristic, AUC: Area Under the Curve
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Clinical Predictors of Speech Recognition Performance in
Noise Using SHAP Analysis

SHAP analysis was applied to make the decision-making
mechanisms of the GB algorithm—the most successful
model—more transparent (Figure 2). According to the
analysis, all five variables contributing most significantly
to predictive power are pure-tone thresholds in

the mid-to-high frequency range of 1500-4000 Hz
(Right-2000 Hz, Right-1500 Hz, Left-2000 Hz, Left-4000
Hz, and Right-4000 Hz). Upon examining the SHAP
summary plot, it was found that as hearing sensitivity
decreases in the 1500-4000 Hz band, the model’s risk of
classifying participants into the ‘experiencing difficulty’
group increases logarithmically. VST scores, meanwhile,
contributed to the model by ranking 13th in the feature
importance list.

Figure 2. Figure 2. SHAP Analysis Graph of the GB Model with the Best Performance
SHAP: SHapley Additive exPlanations, GB: Gradient Boosting, R-AC: Right Air Conduction, L-AC: Left Air Conduction, R-PTA: Right Pure Tone Average, L-PTA:
Left Pure Tone Average, HA: Hearing Aid, VST: Vocabulary Size Test
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In summary, the findings from machine learning and
SHAP analysis indicate that audiometric thresholds in the
1500-4000 Hz band constitute the feature set with the
highest weight in participant classification, compared to
VST scores and other demographic variables.

Discussion

In this study, we investigated the clinical validity of six ML
models in predicting speech recognition performance
in noise. The findings indicate that the algorithms
(particularly the LR, RF, and GB models with AUC > 0.95)
provide highly reliable predictions for clinical decision-
making processes and confirm our main hypothesis. By
objectively classifying patterns in the 1500-4000 Hz band,
the models indicated that peripheral hearing loss is a key
determinant of speech comprehension difficulty in noise.

Although it is widely accepted in the literature that
speech comprehension performance in noise is also
dependent on cognitive processes such as education
level and vocabulary (18), this study has shown that
pure-tone thresholds in the 1500-4000 Hz range play a
much more dominant role in DTT prediction compared to
cognitive factors. This finding is in strong alignment with
the existing literature (19), which emphasizes that the
primary predictor of speech comprehension in noise and
the main underlying cause of individual differences are
auditory factors rather than cognitive processes.

The success of the GB algorithm, which exhibited the
highest performance in our study, is consistent with
the literature showing that ensemble learning and tree-
based algorithms are superior to other learning models
in audiological classifications (20). GB’s mechanism
of sequentially correcting errors makes it more
advantageous than other methods in resolving complex
relationships in structured table sets such as audiological
and demographic data (21). However, there are also
studies in the literature where GB does not provide a clear
superiority compared to other powerful models (SVM, LR,
RF) (22) or lags behind models such as RF in SHAP-based
analyses (23). These contrasting findings indicate that
rather than the absolute superiority of any algorithm,
success is directly dependent on the characteristics of the
dataset, the sample size, and the specific output targeted.

The SHAP analysis of our study showed that pure-tone
thresholds at 1500-4000 Hz are the strongest predictors
of speech understanding in noise. This finding is fully

consistent with the existing literature, which highlights
the critical benefit that high frequencies provide to
speech perception in noisy environments, regardless
of the degree of hearing loss (1). Indeed, the primary
difficulty that individuals with high-frequency hearing
loss first notice is difficulty understanding speech in noise.
However, there are also opposing studies in the literature
arguing that pure-tone thresholds alone are insufficient
to explain speech understanding success in noise; age
and cognitive capacity have a direct and greater influence
(24). 1t is thought that these discrepancies between
audiograms and clinical performance—such as the fact
that individuals with normal pure-tone thresholds may
still experience difficulty in understanding speech stem
from the relative weight of peripheral and central factors,
which varies depending on the age distribution, degree
of hearing loss, and population differences within the
sample groups.

Our results support the notion that cognitive variables
such as vocabulary and educational level are less
predictive of speech comprehension in noise than
environmental hearing. Although a significant cognitive
difference (VST) was found between the two groups,
the algorithms’ placement of environmental hearing at
a higher hierarchical level is consistent with Ronnberg
et al’s (2013) ELU model. In our study, the prominence of
audiological datain the 1500-4000 Hz band as the primary
determinant strongly indicates that when degradation
in auditory signal quality exceeds a certain threshold,
cognitive and verbal compensatory mechanisms become
insufficient. In other words, while a rich semantic
vocabulary may provide neurocognitive protection in line
with the cognitive reserve theory(25), it is not sufficient
on its own to compensate for degraded auditory signals.
Indeed, current studies also support the notion that
hearing sensitivity is the primary factor contributing
to comprehension success in noise, while factors such
as vocabulary and working memory play a secondary
role (26). In contrast, there are studies that argue that
sensory and cognitive factors converge, particularly in
older adults; a rich vocabulary and cognitive functions
play a fundamental facilitating role under challenging
listening conditions (27). In our study, the homogeneous
distribution of educational level across groups (p=0.456)
eliminated this variable as a confounding factor.
However, the literature also emphasizes that educational
background shapes auditory-cognitive performance in
listening environments requiring high effort (28). All these
contradictions in the literature suggest that as the severity
of peripheral hearing loss increases or as the listening task
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requires higher-level cognitive processing, the relative
contribution of cognitive factors to speech performance
in noise increases.

The combined use of audiometric and cognitive-
demographic characteristics in our study is consistent
with multivariate prediction models in the literature.
Although speech intelligibility in noise depends not only
on cochlear function (audiogram) but also on cortical
processing (29), the benefit of incorporating cognitive
variables into audiometric models may be limited under
certain conditions. Indeed, it has been reported that
cognitive factors such as inhibition or vocabulary do not
have a significant effect on intelligibility at different signal-
to-noise ratios (30). This indicates that the predictive
weight of these factors is task- and listening condition-
specific and cannot be universally generalized across
different paradigms or populations.

The findings have important implications that can be
integrated into daily clinical practice. Due to time and
equipment constraints in routine clinical settings, speech-
in-noise tests cannot be routinely administered to every
patient. Validated ML models hold significant potential
as a robust foundation for a clinical decision support
system capable of predicting an individual’s risk of speech
comprehension in noisy environments using standard
pure-tone thresholds (particularly at 1500-4000 Hz). This
approach could make asignificant contribution to the early
identification of at risk individuals, even if their audiogram
appears relatively normal. In summary, these algorithms
are expected to significantly enhance audiology practice
by serving as a powerful digital assistant that improves
clinicians’ diagnostic accuracy and efficiency.

Limitations of the Study

Although the findings are clinically promising, the study
has some methodological limitations. First, the models
were trained retrospectively using OHHR data from 572
patients; multicenter and prospective studies are needed
to demonstrate clinical generalizability. Second, the study
used only the VST as an indicator of cognitive capacity.
Since understanding in noise is a multidimensional
process, integrating comprehensive cognitive batteries—
such as working memory, selective attention, and
processing speed—into future models will make the
interactions between peripheral and central mechanisms
more transparent.

Another important point to consider in our study is the
marked asymmetry in hearing aid usage rates between
the two groups. In clinical practice, it is expected that
patients experiencing difficulty understanding speech in
noise have more severe hearing loss and are indicated for
bilateral hearing aids. However, from a machine learning
perspective, hearing aid usage may have introduced
a potential confounding variable effect. Therefore,
it is recommended that future studies support their
algorithms with stratified analyses based on hearing aid
usage status.

Conclusion

ML algorithms have demonstrated high classification
accuracy (AUC> 0.95) in predicting speech comprehension
difficulties in noisy environments. The fact that the
models prioritize pure-tone thresholds at 1500-4000
Hz over cognitive factors (VST) in the decision-making
process suggests that the primary determinant of speech
comprehension is related to direct hearing sensitivity
rather than cognitive processes. These algorithms
provide an objective decision-support mechanism that
determines patients’ risk profiles based on standard
audiometric data in clinics where routine testing cannot
be performed. In summary, the integration of ML into
clinical practice suggests that hearing assessments can
be transformed from a process that merely describes the
condition into a personalized and predictive approach.
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