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The first ever virtual Year-in-Review
•

For those that can’t make it, let’s live tweet the event!
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•
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Video recording will be made freely available after the talk
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Disclosures
•

Industry: AdveraHealth, Woven, Troposphere

•

Funding Support: NIH, FDA, AstraZeneca, Janssen, Amgen, PhARMA
Foundation

•

Biggest conflict: I am a geek for translational bioinformatics, methods that
solve problems, computational medicine 😍

•

My first TBI Year-in-Review! (@Russ Altman, please remember, imitation
is the sincerest form of flattery)
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Goals
•

Review trends in the translational bioinformatics literature

•

Create a “snapshot” of what the field is doing now (Spring 2020)

•

Recognize innovative work and identify opportunities for the
future
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Process
• Follow the literature throughout the year
• Work in collaboration with the talented and generous AMIA
Student Working Group

• Triage all papers from a set of relevant journals since Jan 2019
• Evaluate papers on a set of TBI criteria, score on:
• Informatics Novelty, Application Importants, Wow Factor
(total 0-9)

• I then take these scores and select papers to highlight in 1-3
slides
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Special Feature: COVID-19
•

We are in the midst of a global pandemic

•

Current situation necessitates that we adapt

•

Talk today will be divided as follows:

• 70% will cover the latest and greatest of the past 14 months of
translational bioinformatics work

• 30% will be on the latest COVID-19 research, with special focus on
methodology/informatics papers and public datasets
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Caveats
• Translational bioinformatics =
Informatics methods that link
biological entities (genes, proteins, cells, small molecules)
to clinical entities (drugs, diseases, symptoms, etc.)
— or vice versa.

• Covers the last 14 months (Jan 2019 - Mar 2020)
• Focused on human biology
• What’s NOT included:
• Amazing biology with straightforward informations
• Amazing informatics which don’t link the clinical to the molecular
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Final List
• 360+ papers triaged; 290+ reviewed and scored by students
• Plus an additional 60+ COVID-19 papers
• 32 presented here (21 TBI, 11 COVID)
• Apologies for those I missed or misjudged, mistakes are all mine.
• 5 TBI topics: “Don’t reinvent the wheel, use it smarter”, “Genomics still needs
informatics”, “Neural Networks and Deep Learning Get Real”, “Microbial and
Meta-genomics”, “Clinical Genetics and Health Disparities”

• Slides and bibliography will be posted to tatonettlab.org and linked to my twitter
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This is all thanks to…

The 2020 AMIA TBI Review Team!

Zainab Al-Taie
Ph.D. Student
University of Missouri

Mary Lauren Benton
Ph.D. Candidate
Vanderbilt University

Pritika Dasupta, MS
Ph.D. Candidate
University of Pittsburgh

Tamara G. R. Macieira, Ph.D.
Postdoctoral Associate
University of Florida

Malvika Pillai
Ph.D. Student
UNC Chapel Hill

Cori Thompson, MSc
GCert-HTS Candidate
University of Victoria

Rafeek Yusuf, MD, MPH, MS
Ph.D. Candidate
UT Health

Kate Fultz Holis, MS, MBI
Research Associate
OHSU

Scott McGrath, Ph.D.
Cl Education Specialist
Providence Health & Services

Jenna Kefeli
Ph.D. Candidate
Columbia University

Andrew Miller
Ph.D. Student
University of Utah

Lu He
Ph.D. Student
University of California, Irvine

Martin Nwadiugwu
Masters Student
University of Nebraska at Omaha

Olha Kholod
Ph.D. Student
University of Missouri-Columbia

Joseph D. Romano, Ph.D.
Postdoctoral Researcher
University of Pennsylvania
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Here we go…
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Don’t reinvent the wheel, use it smarter
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https://doi.org/10.1186/s12918-019-0700-4

PMAMCA: prediction of microRNA-disease association utilizing
a matrix completion approach (Ha et al, BMC Systems Biology)
• Goal: microRNAs are cool (interfere with mRNA for regulation) and are involved
with many diseases (e.g. cancer and others)

• Methods for predicting disease-miRNA associations rely on functional or
network-based similarities — limited by our lack of knowledge

• Method: Matrix factorization (MR) works for sparse data and may work here
• Cool note: Not vanilla MF, but used miRNA expression data when no disease
link was available

• Result: AUROC of 0.882 (vs 0.832 for closest competitor)
• Conclusion: Useful when there is little functional knowledge; probably best used
in combination with functional approaches to make more specific biological
predictions
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https://doi.org/10.1093/bioinformatics/btz446

Path2Surv: Pathway/gene set-based survival analysis using
multiple kernel learning (Dereli et al, Bioinformatics)

•

Goal: Gene sets and pathways can improve survival analysis power.
Remove biases from selected gene sets/pathways through algorithms.

•

Method: Multiple-kernel learning optimizes survival analysis and gene set/
pathway selection simultaneously

•

Result: Marginally better performance than previous methods, but doesn’t
require presetting the pathways AND has the ability to identify novel
biology!

•

Conclusion: If you don’t know what biology to focus your analysis on, this
is a algorithmic rigorous method to find some hypotheses.
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https://doi.org/10.1371/journal.pcbi.1006864

Identification of pathways associated with chemosensitivity through
network embedding (Wang et al, PLOS Computational Biology)

•

Goal: To identify pathways associated with sensitivity to drugs;
challenging since datasets use “genes” as their measured units

•

Method: Build graphs of genes at pathways; translate them to a common
low-dimensional space; see which gene is most representative (closest
vector) of the pathway; link the gene and pathway

•

Result: PACER was better able to identify known target pathways of drugs
and recovered more known pathways for drugs at lower FDR

•

Conclusion: Clever use of graphical models and low-dimensional
embeddings to improve enrichment analysis
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#IS20

#TBIYIR20

@nicktatonetti

ntifying pathways associated with chemical response using PACER. (A) Schematic description of PACER. (B) Heatmap of associations between
s and pathways (PACER scores). Columns are compounds and rows are pathways. (C) Comparative evaluation of different methods for predicting
-pathway associations. The ground truth used here is the pathways that contain any known target gene of the compound. (D) Number of compounds with
overlap (p < 0.05) between pathways from LINCS and pathways from PACER, from Huang et al. 2005 and from the baseline method (Fisher’s exact test)
y, at different levels of stringency in pathway prediction. Stringency refers to the FDR control used by the baseline method in determining significant
Both PACER and the Huang et al. 2005 method were used to predict the same number of (highest scoring) pathways as the baseline method, for a fair
n.
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https://doi.org/10.1038/s41598-020-57691-7

A Multi-omics interpretable Machine Learning Model Reveals Modes
of Action of Small Molecules (Patel-Murray et al, Scientific Reports)
•

Goal: High-throughput functional drug screens produce promising leads but w/o
MoAs, resulting in failures in clinical trials. Integrating multi genomics measures can
reveal these MoAs.

•

Method: Integrate transcriptomics, epigenomics, metabolomics, and proteomics
profiles in an “interpretable” ML model to predict MoAs of Huntington’s Disease
candidates

•

Result: Discovered that two FDA-approved antihistamines unexpectedly use diﬀerent
MoAs (one autophagy, the other bioenergetics)

•

Conclusion:

•

Multi-omics was essential — MoAs hidden to Tx may be “visible” to Px

•

they performed dimensionality reduction along graphs to keep features
“interpretable”!
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Compounds with
unknown MoAs

Compounds that rescue
viability in HD cell model

Transcriptomic, metabolomic, epigenomic, and proteomic
profiling of compound-treated cells

Clusters of compounds
with similar omics effects

MoAs revealed by
interpretable ML model
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Figure 3. Omics profiles reveal unexpected similarities between compounds. (A) Clustering of metabolite
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Figure 4. Machine learning network models prioritize HD-relevant pathw
significantly enriched (p-value < 0.05) in the Group A compound network
The highlighted yellow region indicates those proteins that are part of the a
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Genomics still needs informatics

#IS20

#TBIYIR20

@nicktatonetti

https://doi.org/10.1186/s13073-019-0663-5

Comprehensive characterization of circular RNAs in ~ 1000
human cancer cell lines (Ruan et al, Genome Medicine)

•

Goal: Circular RNA (CircRNA) is a thing and it needs to be characterized
for its importance in human disease, specifically for cancer and cancer
therapeutics

•

Method: Combine 4 CircRNA prediction algos (2+ consensus) in 1,000 cell
lines. Explore function and compare to existing therapeutics. Create a
portal: CircRiC, https://hanlab.uth.edu/cRic

•

Result: Expression of CircRNA varies but is present across cell lines.
Expression of important genes/proteins (e.g. MYC) is dependent on their
circ forms (e.g. circMYC). Interesting correlations with drugs.

•

Conclusion: CircRNA is here and is an important component of human
expression variation. Biology is awesome.
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https://doi.org/10.1371/journal.pcbi.1007273

Integrating Hi-C links with assembly graphs for chromosomescale assembly (Ghurye et al, PLOS Computational Biology)

•

Goal: Hi-C seq has become an economical way to scaﬀold de novo long
read sequencing reads. There is no open source software for this.

•

Method: Build and release SALSA2, an open-source scaﬀolder that builds
on the best ideas of previous methods and produces fewer errors

•

Result: De novo assemblies with fewer orientation, ordering, and chimeric
errors

•

Conclusion: If you released closed-source software, you’re just asking to
be beat by a smart team that cares about being open source.
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Assembly graph based scaffolding

Fig 3. Comparison of orientation, ordering, and chimeric errors in the scaffolds produced by SALSA2 and 3D-DNA on the
simulated data. As expected, the number of errors for all error types decrease with increasing input contig size. Incorporating the
assembly graph reduces error across all categories and most assembly sizes, with the largest decrease seen in orientation errors.
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https://doi.org/10.1371/ journal.pcbi.1007445

SCMarker: Ab initio marker selection for single cell transcriptome profiling
(Wang et al, PLOS Computational Biology)

• Goal: scRNA-seq is where everything is going and the first step is to identify cell
populations; currently done with PCA/tSNE; we can do better. Presents an ab
initio algorithm to identify marker genes

• H: Good markers will be bi (or multi)-modal, have strong co-expression with
some genes and strong mutually exclusive expression with others

• Method: Information theoretic approach defines measures of exclusivity

(KNMEN) and correlation (KNCON) -> builds bi-drectional graphs -> Marker
genes are genes with edges in both graphs

• Result: Diﬀerentiated cell-types in scRNA-seq data better; Identified more of the
known markers for given cell types

• Conclusion: PCA is always a nice place to start, but sooner or later we figure out
how to do things better. This will lead to cleaner scRNA-seq analyses

#IS20

#TBIYIR20

@nicktatonetti

Ab initio marker selection for single cell transcriptome profiling

Fig 2. Comparison of 3 marker selection methods for cell-type identification over a range of k (from 50 to 1000 at a step-size of 50) and n (from 5 to 100 at a stepsize of 5). Accuracy of cell-type identification (in terms of adjusted rand index) are compared across 3 marker sets selected respectively by SCMarker, the highest
expressed and the highest variable gene approaches, using two scRNA-seq datasets from (A) melanoma and (B) head-and-neck cancer samples by 5 clustering algorithms:
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Fig 3. Results on the melanoma data. Plotted in tSNE space are 4,645 melanoma cells with markers selected respectively by (A) SCMarker, (B) the highest expressed
and (C) the highest variable genes. Also plotted are the Venn diagrams between the known cell-type markers and the marker sets determined respectively by (D)
SCMarker, (E) the highest expressed, (F) the highest variable genes and (G) Seurat FindMarker in the melanoma data.
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Ab initio marker selection for single cell transcriptome profiling
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https://doi.org/10.1371/journal.pcbi.1006384

Context-explorer: Analysis of spatially organized protein expression in
high- throughput screens (Ostblom et al, PLOS Computational Biology)

•

Goal: NGS tech + microscopy allowing for ever greater spatiogenomic
resolution, there’s a need for computational tools to make analysis
accessible

•

Method: software that integrates functions that currently exist in multiple
disparate packages

•

Result: informatics framework for colony classification, spatial analysis of
function and expression

•

Conclusion: You can make colonies grow in triangles? Cellular biology is
cool.
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Fig 3. Quantification of radial expression trends. A) Comparison of SOX2 expression between cells growing inside and outside of colonies in microconta
wells. B) Cells from multiple colonies at similar locations within their respective colony are aggregated together in bins according to a hexagonal grid system
heatmap is colored by the desired measure of variation or central tendency. C) Multiple colonies of hPSCs are aggregated to reveal general tendencies in the
protein expression pattern of SOX2 (left). Each bin shows the mean expression of cells from multiple colonies. Trends are visualized as line plots, where join
points represent the mean intensity of cells at each distance bin throughout the colony (right). Error bars represent 95% confidence intervals between cells fr
same location in different colonies. D) Hexagonally binned cells in triangular hPSC colonies (left). Cells grouped in concentric bins according to their distan
the colony centroid (middle) or to the closest colony edge (right). The color is used for illustration purposes to distinguish bins from each other. E) Visualiza
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https://doi.org/10.1093/bioinformatics/btz225

Assessing reproducibility of matrix factorization methods in
independent transcriptomes (Cantini et al, Bioinformatics)

•

Goal: We all love Matrix Factorization methods, but which ones actually
produce stable, interpretable, and reproducible results across datasets?
Answer this question.

•

Method: Systematically use and evaluate MF methods on 14 colorectal, 8
breast, and 4 ovarian cancer transcriptomics datasets

•

Result: compared methods by 6 graphical measures and 3 prediction
tasks

•

Conclusion: Stabilized ICA is the best

lity in at least one other dataset
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consequence, a metagene should find a RBH in at
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https://doi.org/10.1186/s13073-019-0692-0

Prioritization of genes driving congenital phenotypes of patients with de
novo genomic structural variants (Middlekamp et al, Genome Medicine)

•

Goal: De novo structural variants can be multi-factorial and are diﬃcult to
interpret in the context of a given phenotype. Build a computational pipeline
to interpret de novo SVs

•

Method: Integrate phenotype information from genome-wide chromatin
conformation data across many cell types to build a informatics pipeline for
annotation

•

Result: Candidate driver genes were found in 41% (N=16) of patients and in
7 cases (18%) disease-relevant complexes were identified that were missed
by routine analyses. Application of the method to external dataset predicted
many pathogenic SVs that were otherwise missed.

•

Conclusion: De novo SVs just got a bit easier to include in evaluation of
pathogenicity.
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pLI probability of being loss-of-function intolerant, RVIS Residual Variation Intolerance Score, HI haploinsufficiency, DDG2P Developmental Disorders GenotypePhenotype Database, OMIM Online Mendelian Inheritance in Man, AD autosomal dominant, XD X-linked dominant, XR X-linked recessive, XY male, TAD
topologically associating domain, V4C virtual 4C, PCHiC promoter capture Hi-C, DHS DNase hypersensitivity site

o prediction of candidate drivers in larger cohorts of patients with de novo SVs. a Comparison between previous SV cla
ngest candidate driver (located at or adjacent (< 1 Mb) to these SVs) predicted by our approach. Two different patient c
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Neural Networks and Deep Learning Get Real
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https://doi.org/10.1093/jamiaopen/ooy061

Natural language processing and recurrent network models for identifying
genomic mutation-associated cancer treatment change from patient
progress notes (Guan et al, JAMIA Open)

•

Goal: Train classifiers that can automate the genomic clinical annotation
process

•

Method: Train and compare performances of DL implementations and
traditional ML at a task of classifying genomic-based treatment changes

•

Result: DL > TML, Bidirectional LSTM performed best; pre-training speed
up training a lot

•

Conclusion: We’ve got a long way to go before robots start writing notes,
but this is a good start in the right direction
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JAMIA Open, 2019, Vol. 2, No. 1

2

JAMIA Open, 2019, Vol. 2, No. 1

Table 1. Best hyperparameters for the classifiers
Classifier

Hyperparameters

Downloaded from https://academic.oup.com/jamiaopen/article-abstract/2/1/139/527260

ure 1. Workflow of text processing and document classification using machine learning models.
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https://doi.org/10.1001/jamanetworkopen.2019.2597

Application of a Neural Network Whole Transcriptome–Based Pan-Cancer
Method for Diagnosis of Primary and Metastatic Cancers (Grewal et al,
JAMA Network Open)

•

Goal: Sure, neural networks put up impressive numbers, but are they
useful???

•

Method: NN trained on transcriptomics data from TCGA, tested on a set
of 10K+ samples (40 cancer types, 26 normal types). Then the NN was
used to predict the site of origin for 15 enigmatic cancer cases.

•

Result: Accuracy was 99%, matched 12 of the 15 cases with
“intermediate diagnoses” from pathology

•

Conclusion: We’ve heard that neural networks can handle the “easy work”
but now we see that they can handle the hard stuﬀ too.
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https://doi.org/10.1101/684357

Transfer learning enables prediction of CYP2D6 haplotype function
(McInnes et al, bioRxiv preprint)

•

Goal: Manual curation is going to struggle to keep up all the novel PGx
being published. Train robots to help curators do the work.

•

Method: NN trained on existing haplotypes with curated clinical
importance — with some clever feature engineering and pre-training on
simulated and real data (!)

•

Result: Accuracy was 88% in held out set. Of 71 star alleles with unknown
function, 41 predicted decreased or no function (new discoveries? maybe)

•

Conclusion: Deep learning continues to be useful. This time for making
preliminary hypotheses about PGx variant eﬀects.
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https://doi.org/10.1016/j.cell.2020.01.021

A Deep Learning Approach to Antibiotic Discovery (Stokes
et al, Cell)

•

Goal: The method that brought us penicillin (happy little accidents) is no
longer suﬃcient — we need systematic computational approaches to
design new antibiotics. This study proposes DL could be the solution.

•

Method: Use direct-message passing approach to generate features for
the neural networks, train as usual

•

Result: Discovered repurposing of “halicin” <— structurally divergent from
other antibiotics, experimentally validated in mouse

•

Conclusion: The challenge in antibiotics has been coming up with
complete novel structures, DL might have just gotten creative
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Figure 1. Machine Learning in Antibiotic Discovery
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Cool informatics tidbits from

Microbial and Meta-genomics
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https://doi.org/10.1186/s12918-018-0669-4

Plasmodium vivax readiness to transmit: implication for malaria eradication
(Adapa et al, BMC Systems Biology)

•

Goal: The pathophysiology of malaria-causing Plasmodium vivax remains
elusive in vitro; Publicly available genomic data from blood may have
collected in vivo data on P. vivax and P. falciparum spontaneously

•

Method: Re-evaluate raw data from patient blood samples and attempt to
identify transcripts belonging to the microbes; use mathematical models
to translate to epidemiological parameters

•

Result: Were able to identify that transmission from liver to blood stage
happens faster than expected, possibly explaining why eradication eﬀorts
are so diﬃcult

•

Conclusion: publicly available data continues to give back in unexpected
ways

in vivo and ex vivo transcripts include gameto
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overing gametocyte signatures from early P. vivax in vivo RNAseq. a Five patients showed expression of PvAP2-G, a master
m gametocyte production. The numbers on the plot represent de-identified patient numbers. b Gametocyte specific genes
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son of P. falciparum and P. vivax in vivo transcriptomes. Top ranked markers that correlated with the levels of parasite
e top ranked parasitemia markers in P. falciparum are derived from 116 patients’ in vivo infection data. And the top ranked
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https://doi.org/10.1016/j.chom.2019.07.008

The Landscape of Genetic Content in the Gut and Oral Human Microbiome
(Tierney et al, Cell Host & Microbiome)

•

Goal: Human microbial diversity remains largely unexplained. Bring
together multiple sources to characterize this diversity broadly in two
environments (mouth and gut), make it a publicly accessible resource

•

Method: Aggregated 2K+ samples from 6 studies (gut) and 1.4K+ samples
from 7 studies (mouth), remapped all on same pipeline, characterized

•

Result: 50% of genes are singletons (occurred in only one sample) at 95%
identity!

•

Conclusion: The metagenome may be way more personal than we
thought
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Iterative Amino Acid Gene Catalog Construction
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Clinical Genetics Health Disparities
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https://doi.org/10.1186/s12918-019-0700-4

Clinical use of current polygenic risk scores may exacerbate
health disparities (Martin, et al. Nature Genetics)

•

Goal: Demonstrate how Eurocentrism in genomics studies leads to
disparities in polygenic risk scores (PRS)

•

Method: Attempted to apply existing PRS to diﬀerent human populations

•

Result: There is a precipitous drop in accuracy for populations that are not
European

•

Conclusion: The rapid embrace of PRS for clinical uses will greatly
exacerbate health disparities. Greater diversity must be prioritized in
genetic studies.

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

https://doi.org/10.1016/j.ajhg.2018.11.002

Polygenic Risk Scores for Prediction of Breast Cancer and
Breast Cancer Subtypes (Mavaddat, et al. AJHG)

•

Goal: BRCA1 and BRCA2 confer high risk, but account for only a small
proportion of cases. PRS might help prioritize patients for screening, but
has never been validated for this use.

•

Method: Used data from 79 studies of Europeans, 94K+ controls, 75K+
cases, produced subtype-specific PRS scores, modeled PRS and
important covariates (including interaction of age x PRS)

•

Result: Lasso regression performed best 💪 , better performance for ER+,
prospectively validated

•

Conclusion: PRS is clinically useful, but needs to be combined with other
risk factors (age, family history, etc)
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https://doi.org/10.1016/j.ajhg.2018.11.002

Clinical utility of custom-designed NGS panel testing in pediatric
tumors (Surrey, et al. Genome Medicine)

•

Goal: To get everyone to stop using gene panels in pediatrics (they’re
developed for adults) and just use custom NGS instead

•

Method: Developed comprehensive targeted sequencing panels and
evaluated clinical utility

•

Result: Significantly impacted clinical care in 78.7% of cases

•

Conclusion: Targeted NGS panels are better for pediatrics populations
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https://doi.org/10.1093/jamia/ocz179

Improving the phenotype risk score as a scalable approach to
identifying patients with Mendelian disease (Bastarache et al, JAMIA)

•

Goal: Mendelian disease goes underdiagnosed for moderate or mild cases
due to lack of suspicion. PheRS is an EHR-based score that can identify
which of these cases could be tested.

•

Method: Improve PheRS by updating the terminology and adding lab
values. Apply at a population level to 16 mendelian phenotypes and
evaluate.

•

Result: Improvements to PheRS lead to increases in performance for 15
phenotypes, adding labs significantly increased performance of 4 of 14
phenotypes.

•

Conclusion: PheRS has the ability to scale to use — practically has yet to
be validated.
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https://doi.org/10.1101/714113

A polygenic and phenotypic risk prediction for Polycystic Ovary Syndrome
evaluated by Phenome-wide association studies (Joo et al, bioRxiv)

•

Goal: PCOS is underdiagnosed - 75% of patients with the disease go
unidentified, polygenic risk scores may help

•

Method: Generate a polygenic and phenotypic risk score (PPRS); Use a
PheWAS to identify clinical markers of PCOS

•

Result: Significantly improved performance in the joint risk score model;
identification of significant comorbidites and risks factors that could be
used to help identify the syndrome

•

Conclusion: If PRS can be used to help address health disparities, that
would be nice.

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

COVID-19
Highlights from research papers and datasets published since January 2020

January
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https://doi.org/10.1016/S0140-6736(20)30154-9

A familial cluster of pneumonia associated with the 2019 novel coronavirus
indicating person-to-person transmission: a study of a family cluster (Chan
et al, The Lancet)
January 24, 2020

•

Goal: One of the OG papers (published Jan 24) to share data on the
disease.

•

Method: Studied a cluster of 7 family members: 6 who visited Wuhan (5
tested positive for nCOV-19), plus 1 who did not travel to Wuhan (1 tested
positive).

•

Result: The fact that nobody in this cluster visited the animal market
indicated person-to-person spread. One who tested positive didn’t exhibit
symptoms, indicating asymptomatic presence.

•

Conclusion: “Vigilant control measures are warranted at this early stage of
the epidemic.”

Representative images of the
thoracic CT scans showing
multifocal ground-glass
changes in the lungs of patient
1 (A), patient 2 (B), patient 3
(C), and patient 5 (D)
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https://doi.org/10.1016/S0140-6736(20)30251-8

Genomic characterisation and epidemiology of 2019 novel coronavirus:
implications for virus origins and receptor binding (Lu et al, The Lancet)
January 30, 2020

•

Goal: Determine the evolutionary history of the virus, help infer its likely
origin & explore the likely receptor-binding properties of the virus.

•

Method: NGS of 9 early COVID patients, 8 of whom had visited the
Huanan seafood market in Wuhan.

•

Result: 2019-nCoV was closely related (with 88% identity) to two batderived (SARS)-like coronaviruses, but were more distant from SARS-CoV
(about 79%) and MERS-CoV (about 50%). 2019-nCoV had a similar
receptor-binding domain structure to that of SARS-CoV.

•

Conclusion: 2019-nCoV is a new human-infecting betacoronavirus. Bats
might be the original host of this virus, but an animal sold at the seafood
market in Wuhan might represent an intermediate host.

Data/Code: China National Microbiological Data Center (accession num- ber NMDC10013002 and genome accession numbers NMDC60013002-01 to NMDC60013002-10) and the data from BGI have been
deposited in the China National GeneBank (accession numbers CNA0007332–35)

Figure 2Sequence identity between the consensus of 2019-nCoV and representative betacoronavirus genomes
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https://doi.org/10.1016/j.chom.2020.02.001

Genome Composition and Divergence of the Novel Coronavirus
(2019-nCoV) Originating in China (Wu et al, Cell Host & Microbe)
February 7, 2020

• Goal: ID diﬀerences between 2019-nCoV and severe acute respiratory
syndrome (SARS).

• Method: Compare genomes, particularly amino acid substitutions, between
nCOV and SARS.

• Result: A systematic comparison identified 380 amino acid substitutions
between these coronaviruses, which may have caused functional and
pathogenic divergence of 2019-nCoV.

• Conclusion: Unable to give reasonable explanations for the significant number
of amino acid substitutions between the 2019-nCoV and SARS. Whether
these diﬀerences could aﬀect the host tropism and transmission property of
the 2019-nCoV compared to SARS-CoV is worthy of future investigation.

Data/Code: https://www.viprbrc.org/brc/home.spg?decorator=vipr

Genome
composition
and
phylogenetic
tree for 2019nCoV

Amino Acid
Substitutions
of 2019-nCoV
against SARS
and SARSlike Viruses
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https://doi.org/10.1016/S2214-109X(20)30074-7

Feasibility of controlling COVID-19 outbreaks by isolation of
cases and contacts (Hellewell et al, The Lancet)
February 28, 2020

• Goal: Assess if isolation and contact tracing can control COVID-19
transmission.

• Method: Used stochastic transmission model to quantify the potential

eﬀectiveness of contact tracing and isolation. Variables included: number of
initial cases, R0, delay from symptom onset to isolation, the probability that
contacts were traced, the proportion of transmission that occurred before
symptom onset, and the proportion of subclinical infections.

• Result: In most scenarios, eﬀective contact tracing and case isolation is enough
to control a new outbreak of COVID-19 within 3 months. The probability of
control decreases with long delays from symptom onset to isolation, fewer
cases ascertained by contact tracing, and increasing transmission before
symptoms. The majority of scenarios with an R0 of 1.5 were controllable.

Code: https://github.com/cmmid/ringbp

After an incubation period, person A shows symptoms
and is isolated at a time drawn from the delay
distribution (table).

Person B is successfully traced, which means that they
will be isolated without delay when they develop
symptoms. They could, however, still infect others
before they are isolated.

Person C is missed by contact tracing. This means that
they are only detected if and when symptomatic, and
are isolated after a delay from symptom onset.

Code: https://github.com/cmmid/ringbp

Code: https://github.com/cmmid/ringbp

(A) The short and long delay distributions between the
onset of symptoms and isolation (median marked by line).

(B) The incubation distribution estimate fitted to data from
the Wuhan outbreak by Backer and colleagues.

In (C), the incubation period was 5 days. The skew
parameter of the skewed normal distribution controls the
proportion of transmission that occurs before symptom
onset; the three scenarios explored are less than 1%, 15%,
and 30% of transmission before onset.

Code: https://github.com/cmmid/ringbp
Short = 3.43 days
Long = 8.09 days

March
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https://doi.org/10.1002/minf.202000028

Rapid Identification of Potential Inhibitors of SARS-CoV-2 Main Protease
by Deep Docking of 1.3 Billion Compounds (Ton et al, Molecular Informatics)
March 11, 2020

•

Goal: ID potential inhibitors of CoV-2 main protease.

•

Method: A deep learning platform – Deep Docking (DD) which provides
fast prediction of docking scores of Glide (or any other docking program)
and, hence, enables structure‐based virtual screening of billions of
purchasable molecules in a short time.

•

Result: We applied DD to all 1.3 billion compounds from ZINC15 library to
identify top 1,000 potential ligands for SARS‐CoV‐2 Mpro protein.

•

Conclusion: The compounds are publicly available for further
characterization, to develop therapeutics or eﬀective treatment to combat
the outbreak.

Can contact the authors for data: acherkasov@prostatecentre.com

Evaluation of Glide SP docking protocol on SARS Mpro
inhibitors. a) Redocking of ligand 7 to the SARS Mpro
active site (PDB 4MDS) resulted in 0.86 Å of r.m.s.d
(root mean square deviation) between computational
(pink) and x‐ray (cyan) poses. b) ROC curves and AUC
obtained by docking 81 inhibitors and ∼4,000 decoys to
the Mpro active site with Glide SP and XP protocols.

P1, P2, P3 and P1′ groups in the substrate‐binding
subsites of SARS MPro (PDB 4MDS). The compound,
SID 24808289, is represented as orange sticks. The
surface of the protease binding site is partitioned into
different sections depending on the pocket occupancy
of the compound.

Compound List: https://drive.google.com/drive/folders/1xgA8ScPRqIunxEAXFrUEkavS7y3tLIMN?usp=sharing

P1, P2, P3 and P1′ groups in the substrate‐binding
subsites of SARS MPro (PDB 4MDS). The compound,
SID 24808289, is represented as orange sticks. The
surface of the protease binding site is partitioned into
different sections depending on the pocket occupancy
of the compound.

Score probability of top 1,000 ranked compounds
extracted from docking of a set of protease inhibitors
(7,800 compounds), a random sample of ZINC15 (1
million molecules) and top 1 million molecules from
DD.
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https://doi.org/10.1016/S1473-3099(20)30144-4

Early dynamics of transmission and control of COVID-19: a
mathematical modelling study (Kucharski et al, The Lancet)
March 11, 2020

•

Goal: Understand the early transmission dynamics of the infection and
evaluate the eﬀectiveness of control measures; calculate the probability
that newly introduced cases might generate outbreaks in other areas

•

Method: Combined a stochastic transmission dynamic model of severe
SARS-CoV-2 transmission with four datasets from within and outside
Wuhan to estimate how transmission in Wuhan varied between December,
2019, and February, 2020.

•

Result: Once there are at least four independently introduced cases, there
is a more than 50% chance the infection will establish within that
population.

Data/Code: https://github.com/adamkucharski/2020-ncov/
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https://doi.org/10.1002/jmv.25762

The establishment of reference sequence for SARS-CoV-2 and
variation analysis (Wang et al, Journal of Medical Virology)
March 13, 2020

• Goal: Establish reference sequence for SARS-CoV-2
• Method: Studied 95 full‐length genomic sequences of SARS‐CoV‐2 strains by
conducting multiple sequence alignment and phylogenetic analyses, and
analyzed sequence variations along the SARS‐CoV‐2 genome.

• Result: The homology among all viral strains was generally high— 99.99% at the
nucleotide level and 99.99% at the amino acid level. 13 variation sites in 1a, 1b,
S, 3a, M, 8, and N regions were identified, among which positions nt28144 in
ORF 8 and nt8782 in ORF 1a showed mutation rate of 30.53% (29/95) and
29.47% (28/95), respectively.

• Conclusion: There may be selective mutations in SARS‐COV‐2; avoid these

regions when designing primers and probes. Reference sequence could benefit
diagnosis, clinical monitoring and intervention in the future.

Distribution of the number of mutant
bases or amino acids in each SARS‐COV‐
2 isolate strain. A, Full‐length and partial
regions (1ab, 1a, 1b, S, E, M, N)
nucleotides. B, Partial regions (5NCR, 3a,
6, 7a, 7b, 8, 10) nucleotides. C, Partial
regions (1ab, 1a, 1b, S, E, M, N) amino
acids. D, Partial regions (5‐untranslated
region, 3a, 6, 7a, 7b, 8, 10) amino acids.
SARS‐COV‐2, severe acute respiratory
syndrome coronavirus 2

Common sites and frequency of mutation in SARS‐COV‐2 isolate strains (≥5/95).
A, Nucleotides. B, Amino acids. SARS‐COV‐2, severe acute respiratory syndrome
coronavirus 2
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https://doi.org/10.1126/science.abb3221

Substantial undocumented infection facilitates the rapid
dissemination of novel coronavirus (SARS-CoV2) (Li et al, Science)
March 16, 2020

•

Goal: Estimate the prevalence and contagiousness of undocumented
novel coronavirus (SARS-CoV2) infections

•

Method: Used observations of reported infection within China, Tencent
mobility data, a networked dynamic metapopulation model and Bayesian
inference

•

Result: 86% of all infections in China were undocumented prior to 23
January 2020 travel restrictions. Per person, the transmission rate of
undocumented infections was 55% of documented infections.
Undocumented infections were the infection source for 79% of
documented cases.

Data: https://science.sciencemag.org/content/suppl/2020/03/13/science.abb3221.DC1

Simulation of daily reported cases in all cities (A),
Wuhan city (B) and Hubei province (C).
The distribution of estimated Re is shown in (D).
The impact of varying α and μ on Re with all other
parameters held constant at Table 1mean values
(E).
The black solid line indicates parameter
combinations of (α,μ) yielding Re = 2.38.
The estimated parameter combination α = 0.14
and μ = 0.55 is shown by the red x; the dashed
box indicates the 95% credible interval of that
estimate.
Log-likelihood for simulations with combinations
of (α,μ) and all other parameters held constant
at Table 1 mean values (F). For each parameter
combination, 300 simulations were performed.
The best-fit estimated parameter combination α =
0.14 and μ = 0.55 is shown by the red x

Data: https://science.sciencemag.org/content/suppl/2020/03/13/science.abb3221.DC1

A set of hypothetical outbreaks with μ = 0, i.e., the undocumented infections are no longer contagious. We find that without transmission from undocumented cases,
reported infections during 10–23 January are reduced 78.8% across all of China and 66.1% in Wuhan. Further, there are fewer cities with more than 10 cumulative
documented cases: only 1 city with more than 10 documented cases versus the 10 observed by 23 January (Fig. 2). This finding indicates that contagious,
undocumented infections facilitated the geographic spread of SARS-CoV2 within China.
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https://t.co/MMEIeUkvpo?amp=1

The proximal origin of SARS-CoV-2 (Anderson et al, Nature
Medicine)
March 17, 2020

•

Goal: Deeper understanding of where SARS-CoV-2 originated

•

Method: Comparative analysis of genomic data

•

Result: SARS-CoV-2 is not derived from any previously used virus
backbone, making it extremely unlikely that it was created in a lab.
Instead, the study proposes two possible scenarios: (i) natural selection in
an animal host before zoonotic transfer; and (ii) natural selection in
humans following zoonotic transfer.

a, Mutations in contact residues of the SARS-CoV-2 spike
protein. The spike protein of SARS-CoV-2 (red bar at top)
was aligned against the most closely related SARS-CoVlike coronaviruses and SARS-CoV itself. Key residues in
the spike protein that make contact to the ACE2 receptor
are marked with blue boxes in both SARS-CoV-2 and
related viruses, including SARS-CoV (Urbani strain).

b, Acquisition of polybasic cleavage site and O-linked
glycans. Both the polybasic cleavage site and the three
adjacent predicted O-linked glycans are unique to SARSCoV-2 and were not previously seen in lineage B
betacoronaviruses.
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19.03.2020, 23:07

Homology Modeling of TMPRSS2 Yields Candidate Drugs That May
Inhibit Entry of SARS-CoV-2 into Human Cells (Rensi et al, ChemRxiv)
March 20, 2020

•

Goal: Identify repurposing candidates for transmembrane serine protease
family member II, a protein critical for entry of the virus into cells

•

Method: Create seven homology models, use docking and
PocketFEATURE to evaluate binding with a set of 19 small molecules —
based on known serine protease inhibitors

•

Result: Found several strong candidates for follow up — including
argatroban and napamostat (marketed) and otamixaban (experimental)

•

Conclusion: Repurposing and computational methods may jump start
treatment of COVID-19, if they validate

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

#IS20

#TBIYIR20

@nicktatonetti

10.1126/science.abb3405

Crystal structure of SARS-CoV-2 main protease provides a basis for
design of improved α-ketoamide inhibitors (Zhang et al, Science)
March 20, 2020

•

Goal: Resolve the structures of the SARS-CoV-2 main protease (Mpro) “this enzyme is essential for processing the polyproteins that are
translated from the viral RNA” and identify possible inhibitors

•

Method: LCP Crystalllization; characterization of enzyme kinetics; smallmolecule compound synthesis

•

Result: structure is 96% similar to SARS-CoV; “Compound 13b inhibits
the purified recombinant SARS-CoV-2 Mpro with IC50 = 0.67 ± 0.18 μM”

•

Conclusion: Compound 13b is a promising candidate to prohibit viral
replication and is unlikely to be toxic to humans
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Fig. 4 Compound 13b inhibits SARS-CoV-2 replication in human Calu3 lung cells.
(A) Calu-3 cells were infected with SARS-CoV-2 using an MOI of 0.05 and stimulated with DMSO (black bar) or different amounts (5, 10, 20, or 40
μM) of 13b (blue bars) or 14b(orange bars) and analyzed at 24 hours p.i.. In (A), total RNA was isolated from cell lysates and viral RNA content
was analyzed by qPCR. (B) For the estimation of the EC50 value of compound 13b against SARS-CoV-2, a dose-response curve was prepared
(GraphPad). (A) represents means ± SD of two biological experiments with two technical replicates each.
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Further Reading & Resources #GetInvolved
Volunteering opportunities
Crowdfight COVID-19

Crowdsourcing

This is a service for researchers to crowdsource help in the fight against COVID-19

Data Against COVID-19

Crowdsourcing

Crowdsourcing efforts to work on COVID-19, people can join project and volunteer their skills https://www.data-against-covid.org

DNA Stack COVID-19 Beacon

Data & Analysis

Reference to accelerate sharing of genomic data on COVID-19

https://covid-19.dnastack.com

Data & Analysis

GitHub repository for manuscripts on the development of diagnostics and therapeutics,
looking for contributors

https://github.com/greenelab/covid19-review/

Data & Analysis

Excellent visualizations on the trajectory of the virus, including country-by-country
comparisons

https://www.ft.com/coronavirus-latest

GitHub COVID-19 Review
Financial Times Live Visualization

http://crowdfightcovid19.org

Semantic Scholar Open Research
Dataset

Data & Analysis

Free access to 44,000 coronavirus and COVID-19 research articles

WHO Database

Data & Analysis

WHO's searchable Global research on coronavirus disease (COVID-19)

https://pages.semanticscholar.org/coronavirusresearch
https://www.who.int/emergencies/diseases/novelcoronavirus-2019/global-research-on-novelcoronavirus-2019-ncov

Data & Analysis

Lit scan and aggreation of 1300 COVID-19 papers

https://ucsf.app.box.com/s/
2laxq0v00zg2ope9jppsqtnv1mtxd52z

Data & Analysis

Phenotyping algorithms for defining COVID-19 related phenotypes in UK electronic health
records data

https://covid19-phenomics.org

Data & Analysis

Bringing the power of the international network to fight COVID-19 through data aggregation
and analysis

http://ohdsi.org

Data & Anlysis

data repository for the 2019 Novel Coronavirus Visual Dashboard operated by the Johns
Hopkins University Center for Systems Science and Engineering (JHU CSSE)

Guide

Web resource with regularly-updated general data and links to additional information

https://github.com/CSSEGISandData/COVID-19
https://www.hopkinsguides.com/hopkins/view/
Johns_Hopkins_ABX_Guide/540747/all/
Coronavirus_COVID_19__SARS_CoV_2_

AI challenge

Research
Challenge

Kaggle Open Data set research challenge

https://www.kaggle.com/allen-institute-for-ai/
CORD-19-research-challenge

Making Sense of [Lots of] Open Data
Related to COVID-19

Research
Challenge

Information Retrieval Challenge focused on COVID-19

https://dmice.ohsu.edu/hersh/COVIDSearch.html

UCSF COVID Paper Database
COVID-10 Phenomics
OHDSI COVID-19
GitHub JHU CSSE Data Repository
Johns Hopkins Medicine POC Guide

#IS20

#TBIYIR20

@nicktatonetti

http://covidwatcher.dbmi.columbia.edu
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#TBIYIR20

@nicktatonetti

Predictions for 2020

✨
✨
✨

All of Us will start driving innovation and research papers
The claims of what the microbiome can do will wane, but real advances will start to be made
A half dozen more UKBiobank/All of Us-type programs will pop up around the world
Transfer learning will become the norm in biomedical deep learning
Telemedicine will become routine practice for basic care
People will become more engaged in the tracking and forecasting of their health
A drug used to treat COVID-19 will be discovered using informatics methods
We will be talking about vaccines and recurrence of COVID-19
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