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HLab PubMon: Publication monitoring in Huang Lab @ HKU.

This repository aims to keep track of our reading habits on recent publications.

Codes: https://github.com/StatBiomed/HLab-pubmon
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2 MAIN



CHAPTER

ONE

JOURNAL LIST

Topics are mainly about but not limited to computational biology, bioinformatics, systems biology, biostatistics, ma-
chine learning, artificial intelligence.

Here are some journals that we often find papers interesting to many of us:

• Nature: https://www.nature.com

• Science: https://www.sciencemag.org

• PNAS: https://www.pnas.org

• Genome Biology: https://genomebiology.biomedcentral.com

• Genome Research: https://genome.cshlp.org

• Bioinformatics: https://academic.oup.com/bioinformatics

• Plos comp bio: https://journals.plos.org/ploscompbiol/

• Nucleic Acids Research: https://academic.oup.com/nar

• Nature biotech: https://www.nature.com/nbt/

• Nature methods: https://www.nature.com/nmeth/

• Nature genetics: https://www.nature.com/ng/

• Nature communications: https://www.nature.com/ncomms/

• Conferences in ML, e.g., UAI, NeurIPS . . .

• and more . . .
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CHAPTER

TWO

GUIDELINES

The motivation is that everyone in the lab has a habit of reading, reasoning and sharing, which hopefully will keep us
inspired and excited in science.

The guidelines here only aim to help us make better use of the limited time:

• Please make it within 10 min per person (up to 15min), including discussions.

• Introduce the background sufficiently, so everyone can understand what the question is.

• Don’t need to go through the whole paper. Just mention 1 to 3 points that you want to share. It can also be
questions that puzzle you.

Ideally, you will find this paper sharing is somewhat like a cake tasting party. So, bring the nice new cake you find and
share why you like it, in an effective way.

2.1 Read in depth

2.1.1 2020-09-14

We read CHISEL paper for single-cell copy number variation calling [zaccaria2020characterizing] in detail today.

2.1.2 2020-10-11

We read variational auto-encoder paper [kingma2013auto] in detail today, with brief disucssion on its single cell
application scVI [lopez2018deep].

2.1.3 2021-05-17

We read three papers: RPCI [liu2021robust], Cell-ID: [cortal2021gene], scPred [alquicira2019scpred], all about linear
projection of single-cell transcriptome to lower dimensional space with singular value decomposition (SVD), the
implementation technique for Principal component analysis (PCA).

We also referred more details on PCA and SVD by reading the following book chapters:

• SVD quick reading: chapter 2.7-2.8 (4 pages): https://www.deeplearningbook.org/contents/linear_algebra.html

• SVD Longer reading: chapter 4.5: https://mml-book.github.io/book/mml-book.pdf

• PCA quick reading: chapter 12.1 https://www.microsoft.com/en-us/research/uploads/prod/2006/01/
Bishop-Pattern-Recognition-and-Machine-Learning-2006.pdf
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2.1.4 2022-01-13

We read the Chapter 8 OptimiZation, PML book 1. https://probml.github.io/pml-book/book1.html

Rongting lead the reading of the foundation part, Mingze lead the discussion of the specific methods (SGD and the
rest), and Chen C introduce the EM details.

2.1.5 2022-02-16

We read the Chapter 13-14 deep nueral networks(Introduction), PML book 1. https://probml.github.io/pml-book/
book1.html

Xianjie, Qiaochen and Ruiyan lead the reading.

2.1.6 2022-03-02

We read the Chapter 14 VAE, PML book 1. https://probml.github.io/pml-book/book1.html

Fangxin and weizhong lead the reading.

2.1.7 References

1. Simone Zaccaria and Benjamin J Raphael. Characterizing allele-and haplotype-specific copy numbers in
single cells with chisel. Nature biotechnology, pages 1–8, 2020. URL: https://www.nature.com/articles/
s41587-020-0661-6.

2. Diederik P Kingma and Max Welling. Auto-encoding variational bayes. arXiv, 2013. URL: https://arxiv.org/
abs/1312.6114.

3. Romain Lopez, Jeffrey Regier, Michael B Cole, Michael I Jordan, and Nir Yosef. Deep generative modeling for
single-cell transcriptomics. Nature methods, 15(12):1053–1058, 2018. URL: https://www.nature.com/articles/
s41592-018-0229-2.

4. Yang Liu, Tao Wang, Bin Zhou, and Deyou Zheng. Robust integration of multiple single-cell RNA sequencing
datasets using a single reference space. Nature biotechnology, pages 1–8, 2021. URL: https://www.nature.com/
articles/s41587-021-00859-x.

5. Akira Cortal, Loredana Martignetti, Emmanuelle Six, and Antonio Rausell. Gene signature extraction and
cell identity recognition at the single-cell level with Cell-ID. Nature Biotechnology, pages 1–8, 2021. URL:
https://www.nature.com/articles/s41587-021-00896-6.

6. Jose Alquicira-Hernandez, Anuja Sathe, Hanlee P Ji, Quan Nguyen, and Joseph E Powell. scPred: accurate
supervised method for cell-type classification from single-cell RNA-seq data. Genome biology, 20(1):1–17,
2019. URL: https://genomebiology.biomedcentral.com/articles/10.1186/s13059-019-1862-5.
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2.2 Pub 2022-2023

2.2.1 2023-07-12

2.2.2 2023-06-21

1. Almut S Eisele, Marcel Tarbier, Alexia A Dormann, Vicent Pelechano, and David M Suter. Barcode-free
prediction of cell lineages from scrna-seq datasets. bioRxiv, pages 2022–09, 2022. URL: https://www.biorxiv.
org/content/10.1101/2022.09.20.508646v1.

2.2.3 2023-05-04

1. Anna Arutyunyan, Kenny Roberts, Kevin Troulé, Frederick CK Wong, Megan A Sheridan, Ilia Kats, Luz Garcia-
Alonso, Britta Velten, Regina Hoo, Elias R Ruiz-Morales, and others. Spatial multiomics map of trophoblast
development in early pregnancy. Nature, 616(7955):143–151, 2023.

2. Isaac D Lutz, Shunzhi Wang, Christoffer Norn, Alexis Courbet, Andrew J Borst, Yan Ting Zhao, Annie Dosey,
Longxing Cao, Jinwei Xu, Elizabeth M Leaf, and others. Top-down design of protein architectures with rein-
forcement learning. Science, 380(6642):266–273, 2023.

3. Steffen Schneider, Jin Hwa Lee, and Mackenzie Weygandt Mathis. Learnable latent embeddings for
joint behavioural and neural analysis. Nature, pages 1–9, 2023. URL: https://www.nature.com/articles/
s41586-023-06031-6.

2.2.4 2023-03-15

1. Gryte Satas, Simone Zaccaria, Geoffrey Mon, and Benjamin J Raphael. Scarlet: single-cell tumor phylogeny
inference with copy-number constrained mutation losses. Cell systems, 10(4):323–332, 2020. URL: https:
//pubmed.ncbi.nlm.nih.gov/31744515/.

2. Dinithi Sumanaweera, Chenqu Suo, Daniele Muraro, Emma Dann, Krzysztof Polanski, Alexan-
der S. Steemers, Jong-Eun Park, Bianca Dumitrascu, and Sarah A. Teichmann. Gene-
level alignment of single cell trajectories informs the progression of in vitro t cell differ-
entiation. bioRxiv, 2023. URL: https://www.biorxiv.org/content/early/2023/03/10/2023.03.
08.531713, arXiv:https://www.biorxiv.org/content/early/2023/03/10/2023.03.08.531713.full.pdf,
doi:10.1101/2023.03.08.531713.

3. Ya Cui, Frederick J Arnold, Fanglue Peng, Dan Wang, Jason Sheng Li, Sebastian Michels, Eric J Wagner,
Albert R La Spada, and Wei Li. Alternative polyadenylation transcriptome-wide association study identifies
apa-linked susceptibility genes in brain disorders. Nature Communications, 14(1):583, 2023. URL: https:
//www.nature.com/articles/s41467-023-36311-8#Sec2.

4. Anjun Ma, Xiaoying Wang, Jingxian Li, Cankun Wang, Tong Xiao, Yuntao Liu, Hao Cheng, Juexin Wang,
Yang Li, Yuzhou Chang, and others. Single-cell biological network inference using a heterogeneous graph
transformer. Nature Communications, 14(1):964, 2023.
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2.2.5 2023-03-01

1. Brian L Hie, Kevin K Yang, and Peter S Kim. Evolutionary velocity with protein language models predicts
evolutionary dynamics of diverse proteins. Cell Systems, 13(4):274–285, 2022.

2.2.6 2023-02-15

1. Mohammad Lotfollahi, Sergei Rybakov, Karin Hrovatin, Soroor Hediyeh-Zadeh, Carlos Talavera-López,
Alexander V Misharin, and Fabian J Theis. Biologically informed deep learning to query gene programs
in single-cell atlases. Nature Cell Biology, pages 1–14, 2023. URL: https://www.nature.com/articles/
s41556-022-01072-x.

2. Cheng-kai Shiau, Lina Lu, Rachel Kieser, Kazutaka Fukumura, Timothy Pan, Hsiao-Yun Lin, Jie Yang, Eric L
Tong, GaHyun Lee, Yuanqing Yan, and others. Delineating genotypes and phenotypes of individual cells from
long-read single cell transcriptomes. bioRxiv, pages 2023–01, 2023. URL: https://www.biorxiv.org/content/10.
1101/2023.01.24.525264v2.

3. Anna Lyubetskaya, Brian Rabe, Andrew Fisher, Anne Lewin, Isaac Neuhaus, Constance Brett, Todd Brett, Ethel
Pereira, Ryan Golhar, Sami Kebede, and others. Assessment of spatial transcriptomics for oncology discovery.
Cell Reports Methods, 2(11):100340, 2022.

2.2.7 2023-02-01

1. Ziqi Zhang, Haoran Sun, Ragunathan Mariappan, Xi Chen, Xinyu Chen, Mika S Jain, Mirjana Efremova,
Sarah A Teichmann, Vaibhav Rajan, and Xiuwei Zhang. Scmomat jointly performs single cell mosaic in-
tegration and multi-modal bio-marker detection. Nature Communications, 14(1):384, 2023. URL: https:
//www.nature.com/articles/s41467-023-36066-2.

2. Fulong Yu, Liam D Cato, Chen Weng, L Alexander Liggett, Soyoung Jeon, Keren Xu, Charleston WK Chiang,
Joseph L Wiemels, Jonathan S Weissman, Adam J de Smith, and others. Variant to function mapping at single-
cell resolution through network propagation. Nature Biotechnology, pages 1–10, 2022. URL: https://www.
nature.com/articles/s41587-022-01341-y.

3. Raquel García-Pérez, Jose Miguel Ramirez, Aida Ripoll-Cladellas, Ruben Chazarra-Gil, Winona Oliveros,
Oleksandra Soldatkina, Mattia Bosio, Paul Joris Rognon, Salvador Capella-Gutierrez, Miquel Calvo, and others.
The landscape of expression and alternative splicing variation across human traits. Cell Genomics, 2023. URL:
https://www.sciencedirect.com/science/article/pii/S2666979X22002075.

4. Alexander P Wu, Rohit Singh, and Bonnie Berger. Granger causal inference on dags identifies genomic loci
regulating transcription. In International Conference on Learning Representations. 2022.

5. Junjie Huang, Yanchao Xu, Yunfan Xue, Yue Huang, Xu Li, Xiaohui Chen, Yao Xu, Dongxiang Zhang, Peng
Zhang, Junbo Zhao, and others. Identification of potent antimicrobial peptides via a machine-learning pipeline
that mines the entire space of peptide sequences. Nature Biomedical Engineering, pages 1–14, 2023.
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2.2.8 2023-01-11

1. Julia Joung, Sai Ma, Tristan Tay, Kathryn R. Geiger-Schuller, Paul C. Kirchgatterer, Vanessa K. Verdine,
Baolin Guo, Mario A. Arias-Garcia, William E. Allen, Ankita Singh, Olena Kuksenko, Omar O. Abudayyeh,
Jonathan S. Gootenberg, Zhanyan Fu, Rhiannon K. Macrae, Jason D. Buenrostro, Aviv Regev, and Feng
Zhang. A transcription factor atlas of directed differentiation. Cell, 186(1):209–229.e26, jan 2023. URL:
https://doi.org/10.1016%2Fj.cell.2022.11.026, doi:10.1016/j.cell.2022.11.026.

2. Kaelan J Brennan, Melanie Weilert, Sabrina Krueger, Anusri Pampari, Hsiao-Yun Liu, Ally WH Yang, Timo-
thy R Hughes, Christine A Rushlow, Anshul Kundaje, and Julia Zeitlinger. Chromatin accessibility is a two-tier
process regulated by transcription factor pioneering and enhancer activation. bioRxiv, 2022.

3. Dongze He, Charlotte Soneson, and Rob Patro. Understanding and evaluating ambiguity in single-cell
and single-nucleus rna-sequencing. bioRxiv, 2023. URL: https://www.biorxiv.org/content/early/2023/01/
04/2023.01.04.522742, arXiv:https://www.biorxiv.org/content/early/2023/01/04/2023.01.04.522742.full.pdf,
doi:10.1101/2023.01.04.522742.

2.2.9 2022-12-07

2.2.10 2022-11-23

1. Edwin Fong, Chris Holmes, and Stephen G Walker. Martingale posterior distributions. arXiv preprint
arXiv:2103.15671, 2021.

2. Dylan M Cable, Evan Murray, Vignesh Shanmugam, Simon Zhang, Luli S Zou, Michael Diao, Haiqi Chen,
Evan Z Macosko, Rafael A Irizarry, and Fei Chen. Cell type-specific inference of differential expression
in spatial transcriptomics. Nature methods, 19(9):1076–1087, 2022. URL: https://www.nature.com/articles/
s41592-022-01575-3.

3. Lei Xiong, Kang Tian, Yuzhe Li, and Qiangfeng Cliff Zhang. Online single-cell data integration through pro-
jecting heterogeneous datasets into a common cell-embedding space. bioRxiv., 2021. URL: https://www.nature.
com/articles/s41467-022-33758-z.

2.2.11 2022-11-09

1. Yuxuan Hu, Jiazhen Rong, Runzhi Xie, Yafei Xu, Jacqueline Peng, Lin Gao, and Kai
Tan. Learning predictive models of tissue cellular neighborhoods from cell phenotypes with
graph pooling. bioRxiv, 2022. URL: https://www.biorxiv.org/content/early/2022/11/06/2022.
11.06.515344, arXiv:https://www.biorxiv.org/content/early/2022/11/06/2022.11.06.515344.full.pdf,
doi:10.1101/2022.11.06.515344.

2. Qian Qin, Eli Bingham, Gioele La Manno, David M Langenau, and Luca Pinello. Pyro-velocity: probabilistic
rna velocity inference from single-cell data. bioRxiv, 2022. URL: https://www.biorxiv.org/content/10.1101/
2022.09.12.507691v2.

3. Qing Zhou, Guannan Kang, Peiyong Jiang, Rong Qiao, WK Jacky Lam, Stephanie CY Yu, Mary-Jane L Ma,
Lu Ji, Suk Hang Cheng, Wanxia Gai, and others. Epigenetic analysis of cell-free dna by fragmentomic profiling.
Proceedings of the National Academy of Sciences, 119(44):e2209852119, 2022.
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2.2.12 2022-10-26

1. Gherman Novakovsky, Nick Dexter, Maxwell W Libbrecht, Wyeth W Wasserman, and Sara Mostafavi. Obtain-
ing genetics insights from deep learning via explainable artificial intelligence. Nature Reviews Genetics, pages
1–13, 2022.

2. Zhaoyang Liu, Dongqing Sun, and Chenfei Wang. Evaluation of cell-cell interaction methods by integrating
single-cell rna sequencing data with spatial information. Genome biology, 23(1):1–38, 2022.

3. Alexander J Tarashansky, Yuan Xue, Pengyang Li, Stephen R Quake, and Bo Wang. Self-assembling manifolds
in single-cell rna sequencing data. Elife, 8:e48994, 2019.

4. Yuqiong Hu, Zhenhuan Jiang, Kexuan Chen, Zhangxian Zhou, Xin Zhou, Yan Wang, Jingwei Yang, Bo Zhang,
Lu Wen, and Fuchou Tang. Scnanoatac-seq: a long-read single-cell atac sequencing method to detect chromatin
accessibility and genetic variants simultaneously within an individual cell. Cell Research, pages 1–4, 2022.
URL: https://www.nature.com/articles/s41422-022-00730-x.

2.2.13 2022-10-12

1. Kun Wang, Liangzhen Hou, Zhaolian Lu, Xin Wang, Zhike Zi, Weiwei Zhai, Xionglei He, Christina Curtis,
Da Zhou, and Zheng Hu. Cell division history encodes directional information of fate transitions. bioRxiv,
2022. URL: https://www.biorxiv.org/content/10.1101/2022.10.06.511094v2.

2. Wei Wei, Katherine R Schon, Greg Elgar, Andrea Orioli, Melanie Tanguy, Adam Giess, Marc Tischkowitz,
Mark J Caulfield, and Patrick F Chinnery. Nuclear-embedded mitochondrial dna sequences in 66,083 human
genomes. Nature, pages 1–10, 2022.

2.2.14 2022-09-28

1. Grace Hui Ting Yeo, Sachit D Saksena, and David K Gifford. Generative modeling of single-cell time series
with prescient enables prediction of cell trajectories with interventions. Nature communications, 12(1):1–12,
2021. URL: https://www.nature.com/articles/s41467-021-23518-w#Sec10.

2. Teng Gao, Ruslan Soldatov, Hirak Sarkar, Adam Kurkiewicz, Evan Biederstedt, Po-Ru Loh, and Peter V
Kharchenko. Haplotype-aware analysis of somatic copy number variations from single-cell transcriptomes.
Nature Biotechnology, pages 1–10, 2022. URL: https://www.nature.com/articles/s41587-022-01468-y.

2.2.15 2022-09-14

1. Qi Liu, Chih-Yuan Hsu, and Yu Shyr. Scalable and model-free detection of spatial patterns and colocalization.
Genome Research, 2022. URL: https://genome.cshlp.org/content/early/2022/09/09/gr.276851.122.abstract.

2. Chao Zhang, Renchao Chen, and Yi Zhang. Accurate inference of genome-wide spatial expression with ispatial.
Science Advances, 2022. URL: https://www.science.org/doi/10.1126/sciadv.abq0990.

3. Han Yuan and David R Kelley. Scbasset: sequence-based modeling of single-cell atac-seq using con-
volutional neural networks. Nature Methods, pages 1–9, 2022. URL: https://www.nature.com/articles/
s41592-022-01562-8.

4. Francisco X Galdos, Sidra Xu, William R Goodyer, Lauren Duan, Yuhsin V Huang, Soah Lee, Han Zhu, Carissa
Lee, Nicholas Wei, Daniel Lee, and others. Devcellpy is a machine learning-enabled pipeline for automated
annotation of complex multilayered single-cell transcriptomic data. Nature communications, 13(1):1–20, 2022.
URL: https://www.nature.com/articles/s41467-022-33045-x.
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2.3 Pub 2021-2022

2.3.1 2022-07-20

1. Zhiyi Qin, Peter Stoilov, Xuegong Zhang, and Yi Xing. Seastar: systematic evaluation of alternative transcrip-
tion start sites in rna. Nucleic Acids Research, 46(8):e45–e45, 2018. URL: https://academic.oup.com/nar/article/
46/8/e45/4931254#116446609.

2. Yunlong Ma, Fei Qiu, Chunyu Deng, Jingjing Li, Yukuan Huang, Zeyi Wu, Yijun Zhou, Yaru Zhang, Yichun
Xiong, Yinghao Yao, and others. Integrating single-cell sequencing data with gwas summary statistics reveals
cd16+ monocytes and memory cd8+ t cells involved in severe covid-19. Genome medicine, 14(1):1–21, 2022.
URL: https://genomemedicine.biomedcentral.com/articles/10.1186/s13073-022-01021-1#Sec17.

3. Haoyu Chen, Marta Pelizzola, and Andreas Futschik. Haplotype based testing for a better understand-
ing of the selective architecture. bioRxiv, 2022. URL: https://www.biorxiv.org/content/early/2022/07/18/
2022.07.18.500395, arXiv:https://www.biorxiv.org/content/early/2022/07/18/2022.07.18.500395.full.pdf,
doi:10.1101/2022.07.18.500395.

4. Hong Seo Lim and Peng Qiu. Quantifying cell-type-specific differences of single-cell datasets us-
ing umap and shap. bioRxiv, 2022. URL: https://www.biorxiv.org/content/early/2022/07/18/2022.
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2.5 Best3 in semester1-2020

2.5.1 Best 3

1. Simone Zaccaria and Benjamin J Raphael. Characterizing allele-and haplotype-specific copy numbers in
single cells with chisel. Nature biotechnology, pages 1–8, 2020. URL: https://www.nature.com/articles/
s41587-020-0661-6.

2. Volker Bergen, Marius Lange, Stefan Peidli, F Alexander Wolf, and Fabian J Theis. Generalizing rna velocity
to transient cell states through dynamical modeling. Nature biotechnology, pages 1–7, 2020. URL: https:
//www.nature.com/articles/s41587-020-0591-3.

3. Deepmind. ‘alphafold: a solution to a 50-year-old grand challenge in biology. 2020. URL: https://deepmind.
com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology.

2.5.2 Rongting

1. CHISEL: It is really the relevant one to what I’m doing now. The integration of BAF and RDR of scDNA-seq data
in chisel is a step froward in calling CNV more accurtely. Though CaSpER also uses BAF and RDR information of
scRNA-seq at the same time, the phasing strategy in chisel can be more helpful for getting more information.

2. Methods Review article in single cell data: The review outline the major challenges in analyzing single-cell cancer
genomics data and survey the current computational tools available to tackle these. They further outline unsolved
problems that may be considered as major opportunities for future methods development to help interpret the vast
quantities of data being generated.

3. AlphaFold2: As the title of the share says, “game has changed in the field of solving protein structures!” It can be
helpful in many research works. However, “This isn’t the end of something,” “It’s the beginning of many new things.”

1. Simone Zaccaria and Benjamin J Raphael. Characterizing allele-and haplotype-specific copy numbers in
single cells with chisel. Nature Biotechnology, pages 1–8, 2020. URL: https://www.nature.com/articles/
s41587-020-0661-6.

2. Allen W Zhang and Kieran R Campbell. Computational modelling in single-cell cancer genomics: methods and
future directions. arXiv preprint arXiv:2005.01549, 2020. URL: https://arxiv.org/abs/2005.01549.

3. Robert F Service. ‘the game has changed.’ai triumphs at protein folding. 2020. URL: https://www.sciencemag.
org/news/2020/11/game-has-changed-ai-triumphs-solving-protein-structures.

2.5.3 Xianjie

1. Proteins prediction-Deep learning Cool stuff

2. scVelo Life process is assumed to be dynamically regulated. ScVelo uses kinetics to build the dynamical model
trying to characterize and predict the change of gene expression level. I learned kinetics from the course of physical
chemistry and it’s pleasantly surprised to find that how knowledge from textbook could apply to the real-world problem
and benefit to the community.

3. Benefit from the CHISEL model, especially the EM part.

1. Andrew W Senior, Richard Evans, John Jumper, James Kirkpatrick, Laurent Sifre, Tim
Green, Chongli Qin, Augustin Žídek, Alexander WR Nelson, Alex Bridgland, and oth-
ers. Improved protein structure prediction using potentials from deep learning. Nature,
577(7792):706–710, 2020. URL: https://www.nature.com/articles/s41586-019-1923-7?fbclid=
IwAR37LQHolvzYLj9Dj5wGbaH48oKcKFEX4jaGFwl1oxspEvxtlC6uyDgrCKg.
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2. Volker Bergen, Marius Lange, Stefan Peidli, F Alexander Wolf, and Fabian J Theis. Generalizing rna velocity
to transient cell states through dynamical modeling. Nature biotechnology, pages 1–7, 2020. URL: https:
//www.nature.com/articles/s41587-020-0591-3.

3. Simone Zaccaria and Benjamin J Raphael. Characterizing allele-and haplotype-specific copy numbers in
single cells with chisel. Nature biotechnology, pages 1–8, 2020. URL: https://www.nature.com/articles/
s41587-020-0661-6.

2.5.4 Yuanhua

1. AlphaFold2: it addressed a long-history problem on protein structure prediction with near perfect performance,
and opens many exciting opportunities for functional and interaction analysis in biology. It is also a very
encouraging example that data driven (often black-box) methods have great potentials on revealing complex
patterns in science.

2. CHISEL: the multi-step phasing of the gremline SNPs effectively increases the power of using the allelic in-
formation to identify copy number variations. The modelling of the two-module data further motivates the
integration pivot of multiple mutations and multiple omics data for cancer mutations.

3. scVelo: it offers an interesting extension of RNA velocity and nice implementation. The inferred splicing kinetic
parameters through the dynamic model also inspires further investigation on its regulatory patterns.

1. Deepmind. ‘alphafold: a solution to a 50-year-old grand challenge in biology. 2020. URL: https://deepmind.
com/blog/article/alphafold-a-solution-to-a-50-year-old-grand-challenge-in-biology.

2. Simone Zaccaria and Benjamin J Raphael. Characterizing allele-and haplotype-specific copy numbers in
single cells with chisel. Nature biotechnology, pages 1–8, 2020. URL: https://www.nature.com/articles/
s41587-020-0661-6.

3. Volker Bergen, Marius Lange, Stefan Peidli, F Alexander Wolf, and Fabian J Theis. Generalizing rna velocity
to transient cell states through dynamical modeling. Nature biotechnology, pages 1–7, 2020. URL: https:
//www.nature.com/articles/s41587-020-0591-3.

2.5.5 Julia

1. It provided insight on factors affecting tumor development and progression, which was very useful to me to
reference to when I was writing my literature review.

2. Also used as a reference when i was writing my literature review. cause it provided insight on different compu-
tational analysis method used for analysing cell heterogeneity.

3. Even though it is not really relevant to what I’m doing for my fyp, but it is probably one of the article that i
understand the most regarding the methodology.

1. Anna S Nam, Ronan Chaligne, and Dan A Landau. Integrating genetic and non-genetic determinants of cancer
evolution by single-cell multi-omics. Nature Reviews Genetics, pages 1–16, 2020. URL: https://www.nature.
com/articles/s41576-020-0265-5.

2. Gabriela S Kinker, Alissa C Greenwald, Rotem Tal, Zhanna Orlova, Michael S Cuoco, James M McFarland,
Allison Warren, Christopher Rodman, Jennifer A Roth, Samantha A Bender, and others. Pan-cancer single cell
rna-seq uncovers recurring programs of cellular heterogeneity. Nature Genetics, pages 807552, 2019. URL:
https://www.biorxiv.org/content/10.1101/807552v1.abstract.

3. Tatiana A. Gurbich and Valery Vladimirovich Ilinsky. Classifycnv: a tool for clinical annotation of copy-number
variants. Scientific Reports, 10(1):20375, Nov 2020. URL: https://doi.org/10.1038/s41598-020-76425-3,
doi:10.1038/s41598-020-76425-3.
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2.5.6 Jerry

1. Network properties derived from deep sequencing of human B-cell receptor repertoires delineate B-cell populations
I like it because this paper provided a new angle – Network Analysis to look into single cell BCR repertoire, which can
clearly visualize the condition of diseased and healthy subjects. This paper also explains quite a bit on the mechanism
of BCR differentiation and mutation.

2. A pathogenic and clonally expanded B cell transcriptome in active multiple sclerosis This paper described the B
cell clonal expansion of multiple sclerosis and proved the effectiveness of B cell depletion therapy. This paper inspired
me to compare the B cell expansion between diseased patient and healthy subject.

3. Single-cell transcriptome profiling of an adult human cell atlas of 15 major organs I like it because this paper applied
transcriptomic analysis into many parts of our body, which can reveal a clear pathway of immune cell differentiation.
This paper also provide marker genes of many cell types, which are useful for future analysis

1. Rachael JM Bashford-Rogers, Anne L Palser, Brian J Huntly, Richard Rance, George S Vassiliou, George A
Follows, and Paul Kellam. Network properties derived from deep sequencing of human b-cell receptor reper-
toires delineate b-cell populations. Genome research, 23(11):1874–1884, 2013. URL: https://genome.cshlp.org/
content/23/11/1874.short.

2. Akshaya Ramesh, Ryan D Schubert, Ariele L Greenfield, Ravi Dandekar, Rita Loudermilk, Joseph J Sabatino,
Matthew T Koelzer, Edwina B Tran, Kanishka Koshal, Kicheol Kim, and others. A pathogenic and clonally
expanded b cell transcriptome in active multiple sclerosis. Proceedings of the National Academy of Sciences,
117(37):22932–22943, 2020. URL: https://www.pnas.org/content/117/37/22932.short.

3. Shuai He, Linhe Wang, Yang Liu, Yiqi Li, Haitian Chen, Jinghong Xu, Wan Peng, Guowang Lin, Panpan Wei,
Bo Li, and others. Single-cell transcriptome profiling an adult human cell atlas of 15 major organs. bioRxiv,
2020. URL: https://www.biorxiv.org/content/10.1101/2020.03.18.996975v1.abstract.

2.5.7 Weizhong

1. Momentum Contrast for Unsupervised Visual Representation Learning Reason : this work improve the contrastive
learning by a simple queuing technique, intuitively and at the same time effectively.

2. Dissecting heterogeneous cell populations across drug and disease conditions with PopAlign Reason : This paper
focuses on an important question : how to map cell clusters across different condition. The creativity is mainly that
we only build one probability density function, making the changes of coefficient explainable.

3. Characterising the loss-of-function impact of 5’ untranslated region variants in 15,708 individuals Reason Of great
biological significance, this paper covers a large scale population genetics analysis on 5‘ UTR sequences, showing the
strength of purification selection on the sequence motif.

1. Kaiming He, Haoqi Fan, Yuxin Wu, Saining Xie, and Ross Girshick. Momentum contrast for unsuper-
vised visual representation learning. In Proceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 9729–9738. 2020. URL: https://openaccess.thecvf.com/content_CVPR_2020/html/He_
Momentum_Contrast_for_Unsupervised_Visual_Representation_Learning_CVPR_2020_paper.html.

2. Sisi Chen, Paul Rivaud, Jong H Park, Tiffany Tsou, Emeric Charles, John R Haliburton, Flavia Pichiorri, and
Matt Thomson. Dissecting heterogeneous cell populations across drug and disease conditions with popalign.
Proceedings of the National Academy of Sciences, 117(46):28784–28794, 2020. URL: https://www.pnas.org/
content/117/46/28784.short.

3. Nicola Whiffin, Konrad J Karczewski, Xiaolei Zhang, Sonia Chothani, Miriam J Smith, D Gareth Evans, Ang-
harad M Roberts, Nicholas M Quaife, Sebastian Schafer, Owen Rackham, and others. Characterising the loss-
of-function impact of 5’untranslated region variants in 15,708 individuals. Nature communications, 11(1):1–12,
2020. URL: https://www.nature.com/articles/s41467-019-10717-9.
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2.5.8 Qiaochen

1. Strategies for Pre-training Graph Neural Networks Strategies for pretraining graph neural networks are summarized
and validated, pretrained models can also be downloaded. Like Bert-triggered pretrained language models in the NLP
filed, this work has the potential to benefit many downstream tasks.

2. scVelo: Generalizing RNA velocity to transient cell states through dynamical modeling An interesting extension of
steady-state estimation of RNA velocity to maximum likelihood estimation.

3. Rethinking the Value of Labels for Improving Class-Imbalanced Learning: A lite-weighted yet effective strategy to
tackle class-imbalance problems in classification.

1. Weihua Hu, Bowen Liu, Joseph Gomes, Marinka Zitnik, Percy Liang, Vijay Pande, and Jure Leskovec.
Strategies for pre-training graph neural networks. arXiv preprint arXiv:1905.12265, 2019. URL: https:
//openreview.net/forum?id=HJlWWJSFDH.

2. Volker Bergen, Marius Lange, Stefan Peidli, F Alexander Wolf, and Fabian J Theis. Generalizing rna velocity
to transient cell states through dynamical modeling. Nature biotechnology, pages 1–7, 2020. URL: https:
//www.nature.com/articles/s41587-020-0591-3.

3. Yuzhe Yang and Zhi Xu. Rethinking the value of labels for improving class-imbalanced learning.
Advances in Neural Information Processing Systems, 2020. URL: https://papers.nips.cc/paper/2020/file/
e025b6279c1b88d3ec0eca6fcb6e6280-Paper.pdf.

2.5.9 Yoyo

1.Jointly defining cell types from multiple single-cell datasets using LIGER The tool may be useful for analyzing
scRNA datasets, although I haven’t used it

2.Identification of a novel cancer stem cell subpopulation that promotes progression of human fatal renal cell carci-
noma by single-cell rna-seq analysis. This paper involves a couple of fancy tools I’m interested in, e.g. RNA velocity,
cell-cell communication analysis

3.Reprogramming roadmap reveals route to human induced trophoblast stem cells The scRNA-seq data is relevant to
my research, and I am exploring this

1. Jialin Liu, Chao Gao, Joshua Sodicoff, Velina Kozareva, Evan Z Macosko, and Joshua D Welch. Jointly defining
cell types from multiple single-cell datasets using liger. Nature Protocols, 15(11):3632–3662, 2020. URL:
https://www.nature.com/articles/s41596-020-0391-8.

2. Xiu-wu Pan, Hao Zhang, Jia-xin Chen Da Xu, Wen-jin Chen, Si-shun Gan, Fa-jun Qu, Chuan-min Chu, Jian-
wei Cao, Ying-hui Fan, Xu Song, and others. Identification of a novel cancer stem cell subpopulation that
promotes progression of human fatal renal cell carcinoma by single-cell rna-seq analysis. International journal
of biological sciences, 16(16):3149, 2020. URL: https://www.ijbs.com/v16p3149.htm.

3. Xiaodong Liu, John F Ouyang, Fernando J Rossello, Jia Ping Tan, Kathryn C Davidson, Daniela S Valdes,
Jan Schröder, Yu BY Sun, Joseph Chen, Anja S Knaupp, and others. Reprogramming roadmap reveals route
to human induced trophoblast stem cells. Nature, 586(7827):101–107, 2020. URL: https://www.nature.com/
articles/s41586-020-2734-6.
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