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Context

● Single Cell RNA Sequencing datasets are highly sparse.

● Many associate majority of zeros to imperfections in sequencing methodology [1].

● Zero imputation techniques aim to address these ‘dropouts’.

● Concerns include introducing artificial signals leading to incorrect biological 
interpretations [2,3].

● There is a lack of consensus in community on ‘gold-standard’ for treating single cell 
data.

Problem Introduction

● Zero imputation techniques are evaluated using two approaches.

● For synthetic data where the ‘ground truth’ is available, we can do direct 
comparison.

● For real data without ‘ground truth’, we measure performance on downstream tasks, 
like clustering, etc.

● In prior work, we have not seen an evaluation on the task of gene regulatory 
network inference.

Variability of Zero Imputation Methods

● Apply different imputation methods to sc-RNA seq dataset.

● Use GENIE3 algorithm [4] for GRN inference.

● Compare inferred networks using Jaccard similarity.

● Repeat across 5 datasets [5].
○ Datasets from Human Universal Single Cell Hub representing five unique tissues.
○ Random subset of 1,000 genes used for analysis from each.

GRN Inference Variations - 1

Different inferred gene regulatory networks for different imputation pipelines. Top 
5% edges.

GRN Inference Variations - 2

Jaccard Similarity between different GRNs after applying different imputation 
techniques for 5 human datasets.

Synthetic Benchmarking Results

AUC-ROC on network inference task with GENIE3.

Takeaways

● High variability in network inference results with different imputation methods.

● Poor performance of imputation methods on synthetic data.

● This highlights the need for standardized pre-processing pipelines.

● We bring attention to the overlooked aspect of SC RNA-seq imputation data, 
recovering Gene Regulatory Networks, when performing imputation.
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Benchmarking on Synthetic Data

● Use SERGIO simulator [6] to generate 
scRNA-seq data with known GRN.

● Apply noise and dropout to mimic real 
experimental data.

○ 3 synthetic datasets (DS1, DS2, DS3) with varying 
complexities, derived from subsets of experimentally 
validated E. coli and S. cerevisiae networks.

○ Clean and noisy versions to test imputation effectiveness.

● Benchmark imputation methods against 
ground truth.

○ Imputation methods evaluated: MAGIC [7], SAUCIE [8], 
scScope [9], DeepImpute [10], scVI [11], kNN-Smoothing 
[12].

● Evaluate using GENIE3 for inference and 
AUC-ROC metrics.

Pipeline for the synthetic benchmarking experiments.
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