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Abstract  The disease prediction model based on clinical manifestation of outpatient records is an
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important research content of Clinical Decision Support System (CDSS). The mainstream disease
prediction models transform outpatient records into medical symptom sets, the diagnosis results
into output labels, and use machine learning algorithms to train disease prediction models. Different
incidences of diseases lead to the imbalance and small sample of diseases data, making it hard to
train effective and accurate disease prediction model. Sampling techniques are the common methods
to solve sample imbalance, which mainly use certain strategies to generate a balanced training
dataset and train disease prediction models based on the new balanced training dataset. However,
it independently trains different disease prediction models, which not considers the knowledge
transfer between different disease models, which limits the performance. Transfer learning
provides knowledge transferring between predictions on diseases with correlated knowledge. If
transfer learning is applied to the training process of the disease prediction model, a new disease
prediction model can be trained based on the existing disease prediction model. Inspired by this,
this paper proposed a disease prediction model based on dynamic sampling and transfer learning.
First, it trained prediction models for majority diseases, and then trained minority disease prediction
model based on the majority disease prediction models, which can achieve knowledge transfer
among different disease prediction models. In particular, in order to address the problem that
transforming outpatient records into medical symptom sets leading to the loss of information, this
paper proposed a disease prediction model based on convolution neural network, which used
convolution neural network to extract semantic information. In view of achieve knowledge
transfer on different disease prediction models and training models on minority diseases, this
paper introduced the dynamic sampling technique to construct a balanced dataset, which used
prediction results of different samples to update sample sampling probability dynamically,
ensured that the model can learn more misclassification samples for improving the effectiveness of
the prediction model. This paper has done an experimental evaluation on the collected outpatient
records. Our disease prediction model based on dynamic sampling and transfer learning proposed
in this paper had made important improvements in accuracy, recall rate and F1, especially the
improvement of recall rate is of great significance.
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incidences of diseases lead to the imbalance and small sample

of diseases data, making it hard to train effective and accurate
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disease prediction model. Sampling techniques are the common
methods to solve the sample imbalance, but it independently
train different disease prediction models. which not considers
the knowledge transfer between different disease models,
which limits the performance. Transfer learning can achieve
knowledge transfer between similar tasks. In addition,
Mainstream models need to transform outpatient records into
medical symptom sets for training disease prediction models.

To address the above problems, this paper proposed a
model based on transferring learning and dynamic sampling.
It firstly trained disease models on majority diseases, and
used the majority disease models as the initialization model of
the minority diseases. It introduced the dynamic sampling to
generate balanced training datasets for rare diseases, and
dynamically updated the sample sampling probabilities by
model prediction results, so that the model could learn more

error samples to improve the performance of prediction

models.

We evaluate the proposed method on a modern medical
record sample set. The results showed that our method
performed better than other mainstream models.
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under-sampling {framework, which used a boosting method to
build a set of weaker classifiers by iteratively under-sampling
the majority class and ensemble these weaker classifiers to
form a strong classifier. This work is a significant extension

and improvement over previous models.





