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Research on adaptive gain prediction for hearing aids

Fang Hongyu' Zhang Yuxiang® Gong Qin®
(1. Wuxi Qinger Huasheng Technology Co. , Ltd. » Wuxi 214000, China;
2. School of Biomedical Engineering, Tsinghua University, Beijing 100084, China)

Abstract: Traditional hearing aids employ gain compensation formulas during speech amplification that are primarily
designed for quiet environments, failing to meet the actual gain needs of hearing-impaired patients in diverse real-world
settings. This results in patient dissatisfaction with the gain compensation and a suboptimal user experience. To
address this issue, this paper proposes a GS-LGA-XGBoost algorithm that automatically adjusts the optimal gain for
real-life environments. The algorithm predicts the gain at each frequency point of the hearing aid using Extreme
Gradient Boosting (XGBoost) » Grid Search (GS) . and an improved Genetic Algorithm (LGA). A dataset comprising
gain data from 1 200 ears of patients satisfied with their hearing aids, collected from actual hospitals, was used to
construct three gain prediction models for soft, medium, and loud sounds. The proposed algorithm demonstrates test
results on the soft, medium, and loud gain test sets that align more closely with the gain values preferred by patients.
Compared to three other machine learning methods—Support Vector Regression (SVR), Random Forest (RF), and
Deep Neural Network (DNN)—the proposed algorithm outperforms all of them in predicting hearing aid gain. The GS-
LGA-XGBoost algorithm not only enables dynamic adjustment of hearing aid gain across different environments but
also achieves high prediction accuracy, better meeting the satisfactory gain requirements of hearing-impaired patients.

Keywords: hearing aid;gain;extreme gradient boosting;artificial lemming algorithm
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Table 2 The optimal values of hyper-parameter tuning
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The prediction errors of different gains at each frequency point
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Table 3 The errors of predictions for different gains

at each frequency point

Nk E ik K7 4
Wi RZEE S RZEME po REHME .
MAE MAE MAE
125 0.71  0.83  0.44  0.35  0.44 0.41
250 0.80 0.8  0.38 0.31  0.38 0.23
500 0.71  0.97  0.51  0.43  0.51 0.43
625 0.8  0.43  0.39  0.22  0.44 0.25
750 0.89  0.64  0.41  0.18  0.41 0.22
1000 0.97  0.56  0.39  0.31  0.52 0.32
1100 0.64  0.41  0.49  0.33  0.51 0.24
1250 0.43  0.72  0.39  0.17  0.48 0.26
1500 0.75  0.52  0.39  0.18  0.48 0.25
1750 0.64  0.92  0.35  0.12  0.43 0.27
2000 0.64  0.55  0.51  0.56  0.59 0.56
3000 0.56  1.84  0.60  0.97  0.73 1.19
4000 0.41  0.87  0.52  0.32  0.56 0.38
5000 0.42 274  0.55  0.55  0.91 1.98
6000 0.67 1.86  0.71  0.90  0.85 1.82
8000 0.72  2.44  0.48  0.70  0.58 0.73
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Table 4 A comparison of errors between predicted gains and
actual gains under different algorithms

i MAE RMSE

NN
AN A R NE A R
AL 0.89 0.45 0.57 1.26 0.79 0.92
Fig6 3.78 2.87 3.67 4.81 3.52 4.67
NAL-NAL1 3.62 3.54 3.53 4.56 4.22 4.51
NAL-NAL2 2.69 2.33 2.66 3.12 3.25 3.34
DSL[i/o] 4.98 4.89 4.67 5.61 5.56 5.93
XGBoost  1.55 1.51 1.16 2.64 2.23 1.81
GS-XGBoost 0.89  0.52 0.58 1.35 0.85 0.96
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Fig. 9 Comparison diagram of prediction errors of moderate

sound gains in various algorithms
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