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

Problem Introduction

e Zero imputation techniques are evaluated using two approaches.

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

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

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

Variability of Zero Imputation Methods

e Apply different imputation methods to sc-RNA seq dataset.
e Use GENIES3 algorithm [4] for GRN inference.
e Compare inferred networks using Jaccard similarity.

e Repeat across 5 datasets [9].
o  Datasets from Human Universal Single Cell Hub representing five unique tissues.
o Random subset of 1,000 genes used for analysis from each.

Different inferred gene regulatory networks for different imputation pipelines. Top

Methods for Network Inference Subramanian
Context GRN Inference Variations - 1 synthetic Benchmarking Results

e Single Cell RNA Sequencing datasets are highly sparse. Imputation Method DS1 DS2 DS3
Top GRN Inference Edges Top GRN Inference Edges with Imputation Method scScope Top GRN Inference Edges with Imputation Method MAGIC Top GRN Inference Edges with Imputation Method SAUCIE Clean (Dibaeinia & Sinha’ 2020) 0'685 :I: 0'005 0'806 :I: 0'003 0'825 :t 0'003
° Many associate majority Of Zeros to imperfections in Sequencing methodology [1]. on HU_0379_Blood_GSE172495 on HU_0379_Blood_GSE172495 on HU_0379_Blood_GSE172495 on HU_0379_Blood_GSE172495 Noisy (Dibaeinia & Sinha, 2020) 0.478 j: 0.003 0.444 :l: 0.003 0.455 :|: 0.003
: MAGIC (van Dijk et al., 2018) 0.472 4+ 0.006 | 0.489 + 0.002 | 0.504 £ 0.003
e Zero imputation techniques aim to address these ‘dropouts’. ~% 5 N\ : SAUCIE (Amodio et al., 2019) 0.524 +0.022 | 0.439 +0.016 | 0.481 4+ 0.013
g , scScope (Deng et al., 2019) 0.491 £ 0.051 | 0.464 4+ 0.027 | 0.478 £ 0.024
e Concerns include introducing artificial signals leading to incorrect biological \ = : , DeepImpute (Arisdakessian et al., 2019) | 0.530 +0.006 | 0.502 £ 0.005 | 0.411 £ 0.003
interpretations [2,3]. \ : scVI (Lopez et al., 2018) 0.492 4+ 0.020 | 0.505 £+ 0.011 | 0.500 £ 0.007
’ kNN-Smoothing (Wagner et al., 2018) | 0.513 £0.020 | 0.496 4= 0.005 | 0.480 &+ 0.006

9% edges.

GRN Inference Variations - 2

techniques for 5 human datasets.

None SAUCIE scScope Deeplmpute MAGIC SCcvi KNN
None 1.000 0.046 0.088 0.522 0.064 0.058 0.032
SAUCIE 0.103 1.000 0.057 0.045 0.065 0.050 0.035
scScope 0.189 0.060 1.000 0.095 0.048 0.056 0.047
Deeplmpute 0.513 0.109 0.153 1.000 0.059 0.046 0.044
MAGIC 0.008 0.026 0.016 0.013 1.000 0.059 0.034
sScvi 0.053 0.047 0.035 0.050 0.038 1.000 0.038
KNN 0.057 0.041 0.036 0.055 0.032 0.060 1.000 Reference

HU_0379_Blood_GSE172495

HU_0243_Prostate. GSE134355

None SAUCIE scScope Deeplmpute MAGIC SCViI KNN HU_0325_Esophagus_GSE159929

None 1.000 0.034 0.031 0.252 0.005 0.040 0.018 HU_0231_Pancreas_GSE134355

SAUCIE 0.041 1.000 0.062 0.048 0.046 0.043 0.056 HU_0269_Uterus_GSE134355
scScope 0.126 0.033 1.000 0.045 0.036 0.035 0.028
Deeplmpute 0.504 0.036 0.119 1.000 0.013 0.037 0.031
MAGIC 0.004 0.029 0.009 0.000 1.000 0.040 0.066
Scvi 0.047 0.032 0.031 0.046 0.027 1.000 0.050
KNN 0.028 0.031 0.043 0.035 0.022 0.024 1.000
None SAUCIE scScope Deeplmpute MAGIC ScCvVi KNN
None 1.000 0.047 0.174 0.362 0.014 0.047 0.041
SAUCIE - 1.000 0.042 0.059 0.030 0.037 0.025
scScope - - 1.000 0.151 0.014 0.034 0.038
Deeplmpute - - - 1.000 0.013 0.046 0.044
MAGIC - - - - 1.000 0.022 0.032
ScCvi - - - - - 1.000 0.029
KNN 1.000

Jaccard Similarity between different GRNs after applying different imputation

Benchmarking on Synthetic Data

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

ground truth.

O  Imputation methods evaluated: MAGIC [7], SAUCIE [8],
[s1cz]cope [9], Deeplmpute [10], scVI [11], KNN-Smoothing

e Evaluate using GENIES3 for inference and
AUC-ROC metrics.

GRN Ground » | SERGIO Stochastic Clean Expression ke Injecﬁon‘ Noisy Expression
. . . Truth 7| PDE Simulation Data A Data
e Apply noise and dropout to mimic real :]
experimental data.
o 3 synthetic datasets (DS1, DS2, DS3) with varying v
complexities, derived from subsets of experimentally mputation
validated E. coli and S. cerevisiae networks. [GE',‘,',W %
o  Clean and noisy versions to test imputation effectiveness.
. . . = Y
e Benchmark imputation methods against | s e

Pipeline for the synthetic benchmarking experiments.

AUC-ROC on network inference task with GENIES.

Takeaways

e High variability in network inference results with different imputation methods.
e Poor performance of imputation methods on synthetic data.
e This highlights the need for standardized pre-processing pipelines.

e \We bring attention to the overlooked aspect of SC RNA-seq imputation data,
recovering Gene Regulatory Networks, when performing imputation.
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