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K 1: scRNA-seq Process!

IH‘%E Single cell RNA sequencing; scRNA-seq



https://www.biorender.com/template/single-cell-rna-sequencing-scrna-seq
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292:_]: GNNs BFMERIRGIEMRNBEHE): Best Graph Neural Network architectures



https://theaisummer.com/gnn-architectures/
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https://blogs.nvidia.com/blog/what-are-graph-neural-networks/
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https://snap.stanford.edu/grape/
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XF PCA HIEMANBAAE): Principal Component Analysis
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XF KNN BHEEANERAE: K-Nearest Neighbor(KNN) Algorithm



https://builtin.com/data-science/step-step-explanation-principal-component-analysis
https://www.geeksforgeeks.org/k-nearest-neighbours/
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XF MLP BSEANBASE): Multilayer Perceptrons in Machine Learning

8 N .
XF SVM BREMANBAIIEE: Support Vector Machine (SVM) Algorithm



https://www.datacamp.com/tutorial/multilayer-perceptrons-in-machine-learning
https://www.geeksforgeeks.org/support-vector-machine-algorithm/
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K 3: Machine Learning Methods®
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BF3ER: Advances of machine learning-assisted small extracellular vesicles detection strategy



https://www.sciencedirect.com/science/article/abs/pii/S0956566324000794
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Towards Deeper Graph Neural Networks with Differentiable Group Normalization



https://arxiv.org/abs/2006.06972
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https://towardsdatascience.com/over-smoothing-issue-in-graph-neural-network-bddc8fbc2472/
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https://www.geeksforgeeks.org/ml-one-hot-encoding/
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K 5: One-hot Encoding3
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B A3RIR: Label Encoder and One Hot Encoding



https://www.linkedin.com/pulse/label-encoder-one-hot-encoding-abhishek-maurya
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GRAPE+GCN train/test performance over epochs

with and without reconstruction loss
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Figure 7: Performance over epochs for
GRAPE+GCN model with gene embedding
dimension of 64, with and without reconstruc-
tion loss penalty. The top 400 genes are used.

Reconstruction error under different dropout rates
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Figure 8: Reconstruction loss on simulated
data dropout using GRAPE+GCN model with
embedding size of 64 and trained on 400
genes|
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Improving Classification and Data Imputation for Single-Cell Transcriptomics with GraphiNeural Networks



https://openreview.net/pdf?id=HxKmgi6l28Q
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5;1[]: Heterogeneous Graph Transformer



https://arxiv.org/abs/2003.01332
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6SCGNN is a novel graph neural network framework for single-cell RNA-Seqranalyse§



https://www.nature.com/articles/s41467-021-22197-x
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17§ZD: Deep Modularity Networks(DMoN)

! #0: Leiden algorithm



https://arxiv.org/abs/2006.16904
https://www.nature.com/articles/s41598-019-41695-z
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