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An Incremental Disease Prediction Model Based on Denoising
Autoencoder with Broad Learning System

QI Hua-mei, HU Yu-xuan, YUAN Zheng-yi
(School of Computer Science and Engineering , Central South University, Changsha, Hunan 410075, China)

Abstract: Disease prediction models use collected medical data to accurately predict a patient’ s disease before its on-
set. At present, deep neural network, which is popular in disease prediction, relies on increasing the number of network lay-
ers to improve the accuracy of the model, and uses gradient descent to update the weight, which leads to problems such as
model gradient explosion and slow training speed. At the same time, once the data is updated, the deep neural network
needs to be retrained, which makes it difficult to update the model. Broad learning system (BLS), which does not need gra-
dient descent and has the advantage of rapid reconstruction through incremental Learning, provides a technical solution to
solve the above problems effectively. However, BLS cannot extract the deep features hidden in medical data, and still per-
forms poor in complex medical environment. To solve this problem, we propose an incremental disease prediction model
based on denoising autoencoder (DAE) and BLS, called DAE-BLS. In the proposed model, DAE is introduced into the ar-
chitecture design of BLS. The model combines the denoising ability of DAE in chaotic environment with the simplicity and
speed of BLS, which not only ensures the efficient computing capability of the model but also enhances the feature extrac-
tion capability of the model, making it more suitable for complex medical environment. Applying DAE-BLS to prediction
experiments on diabetes, heart failure, ECG abnormalities and breast cancer datasets with different formats and data vol-
umes, experimental results show that DAE-BLS can retain the fast and efficient characteristics of BLS, and show good per-

formance in different data formats, reaching 96.62%, 94.53%, 98.50% and 83.64% accuracy respectively, and can be rapid-
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ly reconstructed to adapt to users’ changing disease data through incremental learning techniques when the model structure

needs to be changed.
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