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Introduction

Background
• Altering genes using CRISPR can correct disease-causing genes, but may also in-

troduce unintended disorder

• Experimenting gene perturbation in wet lab environment could generate possible
outcomes, but is very expensive and time consuming

• Gene expression data, RNA, is a significant index to infer phenotype. Single-Cell
RNA-Seq technique offers RNA measurement at a cell level resolution

• Previous work used a linear regression model to predict gene perturbation outcomes
on RNA profiling, which only explained 20% of the variance and failed to predict
the complex non-linear relationship [1]

Problem Statement

• Problem: Given a set of gene perturbations to each cell, generate the RNA ex-
pression prediction for corresponding cells.

• Approach: Conditional Wasserstein Generative Adversarial Networks with one-
hot encoding or graph embedding

• Evaluation metrics: TSNE plot to visualize if the generated data overlaps with
the real ones for both training and testing datasets

Data Processing

Two Datasets from NCBI-GEO

• 3-hour post LPS mouse bone marrow dendritic cells (32628 cells, 2421 genes)

• 7-days post transduction human K562 cell line (31039 cells, 7239 genes)

Fig. 1: Single-Cell RNA-Seq matrix

Pre-Processing

• Filter out low quality genes and cells

• Filter out cells with high mitochondrial gene expression

• Keep only highly variable genes

• Normalize and logarithmize the data

Method & Architecture

One-Hot Encoding VS. Graph Embedding [3]

Conditional Wasserstein Generative Adversarial Networks [2]
Loss function and MinMax optimization:

min
D

max
G

L(D,G) = min
D

max
G

E[D(X, Y )]+E[D(G(Z, Y ), Y )]+λE[(||5
X̂
D(X̂, Y )||2−1)2]

with X: data; Y: perturbation; Z: noise; X̂ : interpolation between X and G(Z, Y )
Architecture

Results – Human

One-Hot Encoding

Results – Mouse

One-Hot Encoding

Graph Embedding

Conclusion & Future Work

• (C) Capable of generating gene expression data that aligns well with the real data

• (C) Captured the complex non-linear relationship, outperforms the previous works

• (FW) Condition on cell type and cell state

• (FW) Incorporate human gene regulatory network to graph embedding, differen-
tiate activation vs suppression
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