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Text

Introduction: Tremendous advances in next-generation sequencing technology have enabled the accumulation
of large amounts of omics data and various applications in medicine. However, study limitations due to small
sample sizes, especially in rare diseases, technological heterogeneity, and batch effects still limit the
applicability of traditional statistics and machine learning analysis. Here, we present a transfer-learning-based
approach to transfer knowledge from big data and reduce the search space in data with small sample sizes.

Methods: Transfer learning is conducted with a few-shot learning model [1]. The model was pre-trained with a
large-scale dataset. After that, the trained network is transferred to a new task and fine-tuned with the small
dataset for the new task. We investigated three public datasets, TCGA (The Cancer Genome Atlas), GTEx
dataset, and five different human pancreas single-cell datasets. The used TCGA cancer dataset consists of 33
different cancer types. The used GTEx dataset consists of 48 tissue types. First, we investigated the transfer of
knowledge between the GTEx and TCGA datasets focussing on tissue classification. The heterogeneous human
pancreas single-cell datasets consist of several pancreas-specific cell types which only partially overlap
amongst datasets. Therefore, we transferred a model trained on the GTEx dataset to improve cell-type
classification in the human pancreas single-cell data.
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Results: First, we pretrained a model on the GTEx dataset and transferred it to the TCGA dataset. We
evaluated the performance of the model classifying all 33 TCGA cancer types showing a 78.91% + 0.76%
accuracy. The model pre-trained on TCGA and transferred to GTEx to distinguish the 48 tissue types, shows a
84.57% % 0.66% accuracy. Moreover, when we used 5% of the original TCGA data for fine-tuning, the accuracy
reached over 94%, which is close to the accuracy of the state-of-the-art method (95.7%) that was trained
using 80% of the data. Afterward, we evaluated the performance of the cell-type classification model on the
human pancreas single-cell dataset. The model is pretrained with the GTEx dataset and fine-tuned with a small
subset of the target single-cell sequencing dataset. We observed that, when the fine-tuning dataset is limited,
the pre-training with bulk-cell sequencing significantly improved the cell-type classification accuracy on the
single-cell sequencing data.

Discussion: Our analysis of the TCGA and GTEx datasets confirmed that transfer learning can offer benefits in
training time cost and robustness, in particular, if the fine-tuning dataset is very limited. In the single-cell data
analysis, we also find that transfer learning can reduce training time cost and improve accuracy when the
target dataset is limited. This finding is concordant with transfer learning in other fields, computer vision or bio-
imaging [2]. This demonstrates the potential of transfer learning on large-public data to improve analysis in
small data scenarios, such as rare diseases.

Conclusion: We investigated the potential value of transfer learning using different types of transcriptomics
data. The application of transfer learning can be beneficial for circumstances of where data is limited frequently,
such as the medical domain. In particular, it can mitigate noise from batch effects and overcome technological
heterogeneity by leveraging existing public data resources. This approach could be especially useful for low
data abundance of rare diseases and to overcome systematic biases amongst different medical institutions.
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