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New Results

MAGIC: A diffusion-based imputation method reveals gene-gene
interactions in single-cell RNA-sequencing data

David van Dijk, Juozas Nainys, Roshan Sharma, Pooja Kathail, Ambrose ] Carr, Kevin R Moon, Linas Mazutis,
Guy Wolf, Smita Krishnaswamy, Dana Pe'er

doi: https://doi.org/10.1101/1 11591

This article is a preprint and has not been peer-reviewed [what does this mean?].
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Published in final edited form as:
Res Comput Mol Biol. 2017 May ; 10229: 336-352. doi1:10.1007/978-3-319-56970-3 21.

Quantifying the Impact of Non-coding Variants on Transcription
Factor-DNA Binding

Jingkang Zhao'-2:T, Dongshunyi Li3'T, Jungkyun Seo?, Andrew S. Allen’-3, and Raluca
Gordan1:3:4

1Center for Genomic and Computational Biology, Duke University, Durham NC 27708, USA

We use ordinary least squares (OLS) to estimate the parameters of the binding model
for each TF, and we show that our predictions of TF-binding changes due to DNA
mutations correlate well with measured changes in gene expression.
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Chromatin states define tumour-specific
T cell dysfunction and reprogramming

Mary Philip!, Lauren Fairchild?3, Liping Sun?, Ellen L. Horste!, Steven Camara!, Mojdeh Shakiba®°>, Andrew C. Scott,
Agnes Viale*, Peter Lauer®, Taha Merghoub™’, Matthew D. Hellmann>8, Jedd D. Wolchok>”°, Christina S. Leslie’ &

Andrea Schietinger!»>

 DNaseq 20m cells, attic-sea 50k cells, chromatin state to distinct the dysfunction state, 11.17 Nature
* changes of chromatin accessibility is corresponding to gene expression changes
 compare the changes of TF binding using the imputed network (ISMB?)
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a Memory CD8 T cells in established tumours C d
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A 3D Code in the Human Genome

CTCF and Hi-C
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i, |
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>=1.75-fold down-regulateq (

p<0.05, n = 49)
P<0.05,n =)
>=1.3old down-requlateq (p<0.05, n=927)
>=1.3-old up-regulateq (<0.05, n=534)

2=8 5 ol Up-regulated

Genes that are changed by less than 30% (n=10,615)

Hi-C is useless in predicting
enhancer gene linkage?
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] ] ircuitry Of Non-coding
' Therapeutics: Uncovering And Manipulating The Circuitry Of
rrom Geneties 10 Disease Variants
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* GWAS P-values
* Regulatory network
e RegionLD SNPs net
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* Causal SNPs
* Target genes
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IMPROVED PREDICTIONS OF SEUENCE SPEIFICITIES OF
RNA-BINDING PROTEINS BY DEEP LEARNING

‘ Peter K. Koo'2 . Praveen Anand?, and Sean R. Eddy'23

dical Institute, 2De e e and C r Bi
stitute, “Department of Molecular and Cellular Biology, ‘Department of Applied Mathematics. Harvard University, Cambridge, MA (USA)
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ResidualBind performance is state-of-the-art
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