Tentative syllabus

1 03/29 Course intro

2 03/31 Bayesian modeling for genomic data (Data analysis with latent variable models)
3 04/05 Bayesian inference (MCMC)

4 04/07 Bayesian inference (Variational inference)

5 04/12 Latent variable models for scRNA-seq (Presenter: Sriram)

6 04/14 Modeling LD (Shaviv)

7 04/19 Gene expression from imaging (Jessica)

8 04/21 Gene expression from single-cell RNA-seq (Jason)

9 04/26 Representation learning for gene expression (Taykhoom). AlphaFold (Derek)
10 04/28 Visualization methods (Ella). Pseudotime/trajectory analysis (Connor)

11 05/03 RNA velocity (Samuel). Single-cell transcriptomics for cancer (Emily).

12 05/05 Predictingfunction-ef-mutationrs{Aishwaryar—Kernel methods (Wenye)

13 05/09 Bayesian nonparametrics (Jingyou).-tatertfactormodels{Benrnis)

14 05/11 Interpretable-MEBaPredicting-fonction-of-mutatens{Aishwarya)

15 05/16 Experiment design (Brendon). Interpretable ML (Da).

16 05/18 Inferring causality from observational data (Alex). Latent factor models (Dennis)
17 05/23 Predicting function of mutations (Aishwarya). Project presentations

18 05/25 Project presentations

19 05/30 No class -- Memorial day

20 06/01 No class -- work on projects

TOPICS:

Visualization methods (tSNE, UMAP): Ella Peter

Single-cell transcriptomics for cancer: Emily Kao

Gene expression from imaging: Jessica Ho

Bayesian nonparametrics: Jingyou Rao

AlphaFold (protein folding): Derek Ma

Pseudotime/trajectory analysis: Connor Razma
Representation learning for gene expression: Taykhoom Dalal
Interpretable ML: Da Yin

Experiment design: Brendon Ng

. Inferring causality from observational data: Alex Chen

. RNA velocity: Samuel Lee

. Gene expression from single-cell RNA-seq: Jason Panelli
. Modeling LD: Shaviv Hoffman-Lowitz

. Predicting function of mutations: Aishwarya Dev


http://www.cs.columbia.edu/~blei/papers/Blei2014b.pdf
https://www.nature.com/articles/nbt.3102

Single-cell genomics
Experiment design
e Zhang et al. Nature Communications 2020
e Mandric et al. Nature Communications 2020
Differential expression analysis
e MAST: Finak et al. Genome Biology 2015
e Niranos et al. Nature Methods 2019
o Also see matters arising: Bech et al. Nature Methods 2020
e Also papers for DE analysis for bulk RNA-seq data
o Love et al. Genome Biology 2014
o LIMMA
Pseudotime/trajectory analysis
e Monocle: Trapnell et al. Nature Biotechnology 2014
e fradeseq: Berge et al. Nature Communications 2020
e Optimal transport analysis: Schiebinger et al. Cell 2019
Representation learning
e Convolutional Neural Network for Coexpression: Yuan and Joseph PNAS 2019
Allele-specific gene expression
e SCALE
RNA velocity
e Manno et al. Nature 2018
e Bergen et al. Nature Biotechnology 2020
Visualization
e UMAP: Mclnnes et al. 2018
e {SNE: van der Maaten JMLR 2008
e PHATE: Moon et al. Nature Biotech. 2019

e Narayan et al. Biorxiv 2020
Spatial transcriptomics

e Gene expression cartography: Nitzan et al. 2019
e Moncada et al. Nature Biotech 2020

e Graph-based convolutional networks: Song and Su Briefings in Bioinformatics
2021

Denoising/Imputation/Prediction

e SAVER: Huang et al. Nature Methods 2018

e SAVER-X: Wang et al. Nature Methods 2019

e NetNMF-SC: Elyanow et al. Genome Research 2020
Data integration/ldentifying batch effects/shared variation

e scLVM: Buettner et al. Nature Biotech. 2015

e SEURAT: Buttler et al. Nature Biotech 2018

e Korunsky et al. Nature Methods 2019
Cell-type specific gene expression

e csSAM: Shen-Orr et al. Nature Methods 2010



https://www.nature.com/articles/s41467-020-14482-y
https://www.nature.com/articles/s41467-020-19365-w
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-015-0844-5
https://www.nature.com/articles/s41592-018-0303-9
https://www.nature.com/articles/s41592-020-0854-4
https://genomebiology.biomedcentral.com/articles/10.1186/s13059-014-0550-8
https://academic.oup.com/nar/article/43/7/e47/2414268
https://www.nature.com/articles/nbt.2859
https://www.nature.com/articles/s41467-020-14766-3
https://www.sciencedirect.com/science/article/pii/S009286741930039X
https://www.pnas.org/content/116/52/27151/tab-article-info
https://www.biorxiv.org/content/10.1101/109629v1.abstract?%3Fcollection=
https://www.nature.com/articles/s41586-018-0414-6
https://www.nature.com/articles/s41587-020-0591-3
https://arxiv.org/abs/1802.03426
https://www.jmlr.org/papers/volume9/vandermaaten08a/vandermaaten08a.pdf
https://www.nature.com/articles/s41587-019-0336-3
https://www.biorxiv.org/content/10.1101/2020.05.12.077776v1
https://www.nature.com/articles/s41586-019-1773-3
https://www.nature.com/articles/s41587-019-0392-8
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bbaa414/6105942
https://academic.oup.com/bib/advance-article/doi/10.1093/bib/bbaa414/6105942
https://www.nature.com/articles/s41592-018-0033-z
https://www.nature.com/articles/s41592-019-0537-1
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC7050525/
https://www.nature.com/articles/nbt.3102
https://www.nature.com/articles/nbt.4096
https://www.nature.com/articles/s41592-019-0619-0
https://www.nature.com/articles/nmeth.1439

Single-cell transcriptomics for cancer

e Fanetal 2020

e Fan et al. Genome Research 2018
Single-cell multiomics

e Surface protein imputation from scRNA-seq: Zhou et al .Nature communications
2020

e Gene expression prediction from imaging: Schumauch et al. Nature
Communications2020
Manifold learning
e Moon et al. 2018
Lineage reconstruction


https://www.nature.com/articles/s12276-020-0422-0
https://genome.cshlp.org/content/28/8/1217
https://www.nature.com/articles/s41467-020-14391-0
https://www.nature.com/articles/s41467-020-14391-0
https://www.nature.com/articles/s41467-020-17678-4
https://www.nature.com/articles/s41467-020-17678-4
https://www.sciencedirect.com/science/article/abs/pii/S2452310017301877

Foundational topics
The practice of probabilistic modeling
e David Blei(Chapters 1,2,3.1,3.2,5)
e Probabilistic programming
o STAN
MCMC
e Geyer
e Other references
o Andrieu, deFreitas et al.
o Neal
Variational Inference
Variational Inference: A Review for Statisticians
Scalable variational inference
Black box variational inference
Applications:
o Ancestry analysis (aka topic models): FastStructure, TeraStructure
o Gene expression analysis: PEER
Other references
o Automatic differentiation Variational Inference: ADVI

Kernel methods
e Kernel methods in comp. bio
e Applications:
o Multikernel linear mixed models for complex phenotype prediction
o Multiple kernel learning for single cell analysis
Bayesian nonparametrics
e Dirichlet process: Tutorial
e (Gaussian processes, chapter 2 and 4
e Applications:
o Predicting complex traits using latent dirichlet process regression: LDPR
o Predicting gene expression using dirichlet processes: TIGAR

Deep learning

e Deep learning frameworks for genomics: Janggu

e Applications

o Cancer prediction

Gene expression coevolution
Gene expression prediction from imaging
scRNA
Predicting splicing: Alipanahi et al. Nature Biotechnology 2014
Predicting function of mutations: Zhou and Troyanskaya 2015
Variant calling: Poplin et al. 2016
Optimal transport analysis

e Schiebinger et al. Cell 2019

o O O O O O



http://web.cs.ucla.edu/~sriram/courses/cm229.spring-2018/html/readings/blei.pdf
http://mc-stan.org/users/documentation/
http://users.stat.umn.edu/~galin/Handbook/HandbookChapter1.pdf
http://www.cs.ubc.ca/~arnaud/andrieu_defreitas_doucet_jordan_intromontecarlomachinelearning.pdf
http://bayes.wustl.edu/Manual/RadfordNeal.review.pdf
https://arxiv.org/pdf/1601.00670.pdf
http://www.columbia.edu/~jwp2128/Papers/HoffmanBleiWangPaisley2013.pdf
http://www.cs.columbia.edu/~blei/papers/RanganathGerrishBlei2014.pdf
http://www.genetics.org/content/genetics/early/2014/04/14/genetics.114.164350.full.pdf
https://pubmed.ncbi.nlm.nih.gov/27819665/
http://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1000770
http://www.stat.columbia.edu/~gelman/research/unpublished/advi_journal
https://arxiv.org/pdf/q-bio/0510032.pdf
http://genome.cshlp.org/content/early/2016/06/14/gr.201996.115
https://arxiv.org/abs/1703.07844
https://ac.els-cdn.com/S002224961100071X/1-s2.0-S002224961100071X-main.pdf?_tid=a9d63b33-1a31-4960-82b8-717007b33f00&acdnat=1522741010_ef7c596672d86706ecb5c7f224dd474b
http://www.gaussianprocess.org/gpml/chapters/
https://www.nature.com/articles/s41467-017-00470-2
https://www.sciencedirect.com/science/article/pii/S0002929719302058
https://www.nature.com/articles/s41467-020-17155-y
https://www.nature.com/articles/s41467-019-13825-8
https://www.nature.com/articles/s41467-020-19921-4
https://www.nature.com/articles/s41467-020-17678-4
https://www.pnas.org/content/116/52/27151/tab-article-info
https://www.nature.com/articles/nbt.3300.pdf
https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4768299/
https://www.biorxiv.org/content/biorxiv/early/2016/12/14/092890.full.pdf
https://www.sciencedirect.com/science/article/pii/S009286741930039X

Gene expression cartography: Nitzan et al. 2019

Latent factor models

Probabilistic PCA: Tipping and Bishop 2002
PCA for correcting for population stratification: Price et al. 2006
PCA and relation to population structure: Patterson et al. 2006
PCA and factor analysis: Engelhardt and Stephens 2012
Other reference

o PCA for large-scale genetic data (Galinsky et al. 2015).

Interpretability

Causality

SHAP: Lundberg and Lee, 2017
LIME: Ribero et al. 2016

ELDR:

Inferring causality from observational data: Didelez et al. 2010


https://www.nature.com/articles/s41586-019-1773-3
https://rss.onlinelibrary.wiley.com/doi/pdf/10.1111/1467-9868.00196
https://www.nature.com/articles/ng1847
http://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.0020190
http://journals.plos.org/plosgenetics/article?id=10.1371/journal.pgen.1001117
https://arxiv.org/pdf/1705.07874.pdf
https://arxiv.org/pdf/1602.04938.pdf
https://projecteuclid.org/download/pdfview_1/euclid.ss/1280841731

