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The first ever virtual Year-in-Review

• For those that can’t make it, let’s live tweet the event!


• 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 = 


• 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

Informatics methods that link  
  biological entities (genes, proteins, cells, small molecules)  
  to clinical entities (drugs, diseases, symptoms, etc.)  
  — or vice versa.
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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

http://tatonettlab.org
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The 2020 AMIA TBI Review Team!
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Here we go…
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Don’t reinvent the wheel, use it smarter
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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

https://doi.org/10.1186/s12918-019-0700-4
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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.

https://doi.org/10.1093/bioinformatics/btz446
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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

https://doi.org/10.1371/journal.pcbi.1006864
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interactions”, and “beta 5 beta 6 beta 7 and beta 8 integrin cell surface interactions” (marked as
blue rectangle in Fig 2B). These pathways are known to play crucial roles in communications
among cells in response to small molecules [31]. Notably, the integrin-mediated pathways pro-
mote invasiveness and oncogenic survival, and contribute to cancer cell survival and resistance
to chemotherapy [32, 33]. Another group consists of different interleukin signaling pathways

Fig 2. Identifying pathways associated with chemical response using PACER. (A) Schematic description of PACER. (B) Heatmap of associations between
compounds and pathways (PACER scores). Columns are compounds and rows are pathways. (C) Comparative evaluation of different methods for predicting
compound-pathway associations. The ground truth used here is the pathways that contain any known target gene of the compound. (D) Number of compounds with
significant 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)
respectively, at different levels of stringency in pathway prediction. Stringency refers to the FDR control used by the baseline method in determining significant
pathways. 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
comparison.

https://doi.org/10.1371/journal.pcbi.1006864.g002

Network-based discovery of chemosensitivity pathways

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006864 March 20, 2019 9 / 15
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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”!

https://doi.org/10.1038/s41598-020-57691-7
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transcription, anti-apoptotic activity, and the tra!cking processes of vesicles and organelles13. Within brain cells, 
mutant huntingtin causes transcriptional dysregulation, impaired cytoskeletal motor functions, compromised 
energy metabolism, and abnormal immune activation13.

Over the years, many compounds have been discovered that confer a protective e"ect in HD model systems14. 
In some cases, direct binding targets are known, but these may not always be in the therapeutic pathway. A 
study using a small molecule sphingolipid enzyme inhibitor, for example, found a novel MoA related to histone 
acetylation through the analysis of gene expression and epigenetic pro#les in the murine STHdhQ111 HD cell 
model15. As all small$molecule therapeutics have so far failed to modify HD in clinical trials, understanding the 
disease-relevant MoAs is critical to guide future therapeutic approaches that could target these pathways with 
new molecules.

We reasoned that the discovery of MoAs must begin with an unbiased approach. Some compounds may have 
largely transcriptional e"ects, while others may primarily impact signaling or metabolism. With improvements 
in omics technology, it is now possible to systematically assess each of these areas. Technologies such as RNA-Seq, 
ChIP-Seq, and mass spectrometry provide extensive measurements of gene expression, chromatin accessibility, 
metabolite expression, protein expression, and post-translational modi#cations. %e integration of these omics 
data can provide a more comprehensive view of the compounds and allow for discoveries that could be over-
looked in the analysis of any individual dataset16.

To systematically reveal disease-relevant MoAs, we developed a multi-omics machine learning approach 
(Fig.$1) that does not require context-speci#c prior knowledge or reference compounds. We used a hierarchical 
data generation strategy and began with a set of compounds previously reported to alleviate an HD phenotype 
in at least one HD model system. We #ltered the compounds using a viability assay to #nd those that are protec-
tive in the well-established murine striatal STHdhQ111 HD cell model. We then pro#led compound-treated cells 
using transcriptomics and untargeted metabolomics. Interestingly, we show that previously unrelated compounds 
cluster together based on their molecular pro#les. For two interesting clusters of compounds, we then gathered 
proteomic data and epigenomic data.

To reveal the MoAs for these compounds, we applied an interpretable machine$learning algorithm. We 
mapped each type of molecular data to a network of molecular interactions. Network optimization of this 
large interactome highlights the functional changes induced by the compounds. %is approach prioritized two 
disease-relevant processes, autophagy activation and mitochondrial respiration inhibition, as key MoAs of a sub-
set of these compounds. %rough cellular imaging, biochemical, and energetics assays, we con#rmed these MoAs 
in the STHdhQ111 murine model. We also demonstrated that the e"ects on autophagy are reproducible across 
species and across cell types. %is multi-omics approach opens new opportunities for the discovery of existing 
compounds that may have bene#cial e"ects through unexpected pathways. Equally important, it may provide 
insight into unrecognized o"-target e"ects on pathways that may contribute to toxicity. Our #ndings reinforce the 
importance of unbiased multi-omics approaches in the study of disease and therapeutics.

Results
Cell viability assay categorizes compounds by protectiveness. More than 100 compounds were 
previously reported to reverse a disease phenotype in at least one HD model system17. We examined 30 of these 
compounds that were commercially available (Table$S1) and determined their protectiveness in the well-es-
tablished STHdh cell culture model of HD. %ese murine striatal neuronal progenitor cells express the poly-
glutamine-expanded (STHdhQ111) or wild-type (STHdhQ7) human huntingtin gene18. As has been previously 
reported, STHdhQ111 and STHdhQ7 cells di"er in their sensitivity to serum deprivation18. As a result, we tested 
the ability of compounds to extend the viability of STHdhQ111 cells under these conditions. Of the compounds, 

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

Figure 1. General work&ow of study. Compounds with unknown MoAs were found to be protective in 
HD cells. A'er multi-omics pro#ling, groups of protective compounds were shown to cluster together. An 
interpretable machine learning (ML) model revealed compounds’ MoAs, which were validated experimentally.
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14 were signi!cantly protective (p-value < 0.001) when compared to the STHdhQ111 vehicle control (Fig."2A). 
#e remaining 16 compounds either did not signi!cantly decrease cell death or were toxic to the cells at all tested 
concentrations.

�������������Ƥ����������������������������������������������������Ǥ� To assess the compounds’ 
molecular e$ects on transcription and metabolism, we performed RNA-Seq and untargeted metabolite pro!ling 
on STHdhQ111 cells treated with the 14 protective compounds and vehicle control, in triplicate. We also included 
the STHdhQ7 vehicle control for comparison. We measured the levels of 18,178 genes, 1,530 untargeted lipids, 
and 1,805 untargeted polar metabolites in all samples. In most of the compound-treated samples, we found thou-
sands of statistically signi!cant di$erentially expressed genes (FDR-adjusted p-value < 0.05) compared to the 
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Figure 2. Compounds have diverse e$ects on viability, gene expression, and metabolite expression in the 
STHdhQ111 cell model. (A) Cell viability assay categorizes 14 compounds as protective and 16 as unprotective. 
Data are represented as mean ± SD. *p-value < 0.001. #e black, green, and gray bars indicate controls, 
protective compounds, and unprotective compounds, respectively. (B) #e number of transcriptomic and 
metabolomic changes in compound-treated cells compared to controls.

DE genes not necessarily same as DE lipids, etc. for same drug
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STHdhQ111 vehicle control (Fig.!2B). "ough some compounds a#ected several hundred measured metabolites, 
many of the compounds had little e#ect on the lipids and polar metabolites (Fig.!2B).

To reveal similarities between the compounds’ pro$les, we clustered the RNA, lipid, and polar metabolite 
data separately (Fig.!3A). In the gene expression data, $ve compounds reproducibly clustered tightly together 
in a group distinct from the STHdhQ111 vehicle control samples. Although these compounds formed only one 
distinct group in the gene expression data, they separated into two distinct groups in the metabolite pro$ling 
data. Cyproheptadine, loxapine, and pizotifen form Group A and were previously shown to block caspase acti-
vation and increase ERK activation19. Group B, surprisingly, consists of the previously unrelated compounds 
diacylglycerol kinase inhibitor II (DKI) and meclizine. Some compounds, such as 4-deoxypyridoxine (DOP) and 
cysteamine, can be separated from the STHdhQ111 vehicle control samples only in the metabolite data, but do not 
cluster tightly with other compounds. Compounds that clustered together did not have the most similar struc-
tures, calculated using the maximum common substructure Tanimoto coe%cients in ChemMine tools (Fig.!S2)20. 
Likewise, compound pairs with the strongest connectivity scores, as reported by the Connectivity Map using their 
L1000 gene expression data, did not cluster together in the omics data (Fig.!S3)3.

To further characterize the compounds in Groups A and B, we performed global proteomic and phosphop-
roteomic analysis. We identi$ed and measured the levels of 6,281 proteins and 2,560 phosphosites in control and 
compound-treated cells. We selected two compounds from Group A, cyproheptadine and loxapine, and the two 
compounds in Group B because they had the most RNA and metabolite changes compared to the STHdhQ111 
vehicle controls. "ese four compounds show several statistically signi$cant di#erentially expressed proteins 
and phosphosites, and they also cluster reproducibly by their respective groups in both types of proteomic data 
(Fig.!3B). "e di#erential genes and proteins of the Group A compounds are signi$cantly enriched (FDR-adjusted 
p-value < 0.05) in 882 and 2 gene ontology (GO) processes, respectively (Tables!S2 and S4). "e Group B dif-
ferential genes are signi$cantly enriched (FDR-adjusted p-value < 0.05) in 911 GO processes, but the Group B 
di#erential proteins have no signi$cant GO process enrichment (Table!S5). Using the IMPaLA tool for metabolite 
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Figure 3. Omics pro$les reveal unexpected similarities between compounds. (A) Clustering of metabolite 
pro$ling data reveals two distinct groups of compounds that are inseparable in the gene expression data, as 
displayed in t-SNE plots. "e blue and red ellipses indicate the Group A and Group B compounds, respectively. 
Q7SST = STHdhQ7 SST control; Q111SST = STHdhQ111 SST control; Mec = meclizine; NaB = sodium butyrate; 
Cypro = cyproheptadine; Lox = loxapine; DOP = 4-deoxypyridoxine; Seli = selisistat; TSA = trichostatin A; 
DKI = diacylglycerol kinase inhibitor II; Nico = nicotinamide; Nort = nortriptyline; FTY720-P = $ngolimod 
phosphate; Halo = haloperidol; Pizo = pizotifen; Cyst = cysteamine. (B) Clustering of proteomic data, as shown 
in three-dimensional PCA plots. See also Figs!S1–S3, Tables!S2–S6.

Multi-omics clustering
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compounds’ phenotypic viability readouts, structural similarities, connectivity scores, or known binding targets 
(Figs.!2A, S2, S3).

Using the network results to guide experiments, we con"rmed that autophagy is activated by Group A com-
pounds and that mitochondrial respiration is inhibited by Group B compounds in the STHdhQ111 cells (Figs.!5A–
C and 7A–C). The specific effects on autophagy, mitochondrial respiration, and glycolysis by the Group A 
compounds were previously unknown. We veri"ed that the Group A compounds activate autophagy in other cell 
lines, namely human SH-SY5Y and HEK293 cells (Figs.!6A–D, S2A,B). We note that in the autophagy results, the 
LC3-II/LC3-I ratio with BafA alone is higher than that of the combination of loxapine and BafA (Fig.!5B,C). #is 
observation suggests that there are interactions between the two compounds. #ere are many possible explana-
tions for the nature of this interaction that will require further investigation. We speculate that loxapine could 
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Figure 4. Machine learning network models prioritize HD-relevant pathways. (A) #e autophagy pathway is 
signi"cantly enriched (p-value < 0.05) in the Group A compound network, a subnetwork of which is shown. 
#e highlighted yellow region indicates those proteins that are part of the autophagy GO term. (B) #e electron 
transport chain is signi"cantly enriched (p-value < 0.05) in the Group B compound network, a subnetwork of 
which is shown. #e highlighted yellow region indicates those proteins that are part of the electron transport 
chain GO term, part of the mitochondrial respiration pathway. See also Tables!S7 and S8.
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compounds’ phenotypic viability readouts, structural similarities, connectivity scores, or known binding targets 
(Figs.!2A, S2, S3).

Using the network results to guide experiments, we con"rmed that autophagy is activated by Group A com-
pounds and that mitochondrial respiration is inhibited by Group B compounds in the STHdhQ111 cells (Figs.!5A–
C and 7A–C). The specific effects on autophagy, mitochondrial respiration, and glycolysis by the Group A 
compounds were previously unknown. We veri"ed that the Group A compounds activate autophagy in other cell 
lines, namely human SH-SY5Y and HEK293 cells (Figs.!6A–D, S2A,B). We note that in the autophagy results, the 
LC3-II/LC3-I ratio with BafA alone is higher than that of the combination of loxapine and BafA (Fig.!5B,C). #is 
observation suggests that there are interactions between the two compounds. #ere are many possible explana-
tions for the nature of this interaction that will require further investigation. We speculate that loxapine could 
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Figure 4. Machine learning network models prioritize HD-relevant pathways. (A) #e autophagy pathway is 
signi"cantly enriched (p-value < 0.05) in the Group A compound network, a subnetwork of which is shown. 
#e highlighted yellow region indicates those proteins that are part of the autophagy GO term. (B) #e electron 
transport chain is signi"cantly enriched (p-value < 0.05) in the Group B compound network, a subnetwork of 
which is shown. #e highlighted yellow region indicates those proteins that are part of the electron transport 
chain GO term, part of the mitochondrial respiration pathway. See also Tables!S7 and S8.
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be making BafA less e!ective by overwhelming the block of autophagosome degradation through the activa-
tion of autophagy. It has been reported that the Group B compound meclizine is an inhibitor of mitochondrial 
respiration and activator of glycolysis, which we con"rmed30,31. #e other Group B compound, DKI, has not 
previously been associated with changes in bioenergetics, but has the same e!ect as meclizine in the STHdhQ111 
cells. #ough our multi-omics machine learning approach can identify a compound’s MoAs, it does not pinpoint 
the precise changes in the pathways required to produce the compound’s e!ect. Future experimental e!orts to 
modulate speci"c parts of the autophagy and bioenergetic pathways could lead to an increased understanding of 
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Figure 5. Autophagy is up-regulated by Group A compounds in murine STHdhQ111 cells. (A) Fluorescent 
staining of autophagic vacuoles in Group A compound-treated cells compared to Group B compound-treated 
or control cells. Blue $uorescence indicates nuclei and green $uorescence indicates autophagic vacuoles. (B) A 
representative western blot showing LC3-II and LC3-I levels to determine how the compounds a!ect autophagy. 
BafA was used to determine whether the compounds activate autophagy or inhibit vacuole degradation. #e 
full-length western blot is presented in Fig.%S5A. (C) Quanti"cation of the LC3-II to LC3-I ratio normalized to 
the control from the western blot. Data are represented as mean ± SD. *p-value < 0.05 compared to Control; 
**p-value < 0.1 compared to condition-matched non-BafA treatment.
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Genomics still needs informatics
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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.

https://doi.org/10.1186/s13073-019-0663-5
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Integrating Hi-C links with assembly graphs for chromosome-
scale 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.

https://doi.org/10.1371/journal.pcbi.1007273
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scaffold lengths and NGA50 (analogous to the corrected NG50 metric defined by Salzberg
et al. [38]). This statistic corrects for large but erroneous scaffolds which have an artificially
high NG50. We did not include SALSA1 in the comparison because for small contig sizes (200
kbp to 500 kbp), none of the scaffolds contained more than 2 contigs. For larger sizes (600 kbp
to 900 kbp), the contiguity widely varied depending upon the minimum confidence parameter
for accepting links between contigs.

Hi-C scaffolding errors, particularly orientation errors, increased with decreasing assembly
contiguity. We evaluated scaffolding methods across a variety of simulated contig sizes. Fig 3
shows the comparison of these errors for 3D-DNA, SALSA2 without the assembly graph, and
SALSA2 with the graph. SALSA2 produced fewer errors than 3D-DNA across all error types
and input sizes. The number of correctly oriented contigs increased significantly when assem-
bly graph information was integrated with the scaffolding, particularly for lower input contig
sizes (Fig 3). For example, at 400 kbp, the orientation errors with the graph were comparable
to the orientation errors of the graph-less approach at 900 kbp. The NGA50 for SALSA2 also
increased when assembly graph information was included (Fig 4). This highlights the power of
the assembly graph to improve scaffolding and correct errors, especially on lower contiguity
assemblies. This also indicates that generating a conservative assembly, rather than maximiz-
ing contiguity, can be preferable for input to Hi-C scaffolding. All the assemblies described
in this paper are available online and can be found at https://obj.umiacs.umd.edu/paper_
assemblies/index.html.

Evaluation on NA12878

Table 2 lists the metrics for NA12878 scaffolds. We include an idealized scenario, using only
reference-filtered Hi-C edges for comparison. As expected, the scaffolds generated using only
true links had the highest NGA50 value and longest error-free scaffold block. SALSA2 scaffolds
were generally more accurate and contiguous than the scaffolds generated by SALSA1 and
3D-DNA, even without use of the assembly graph. The addition of the graph further improved
the NGA50 and longest error-free scaffold length.

We also evaluated the assemblies using Feature Response Curves (FRC) based on scaffold-
ing errors [40]. An assembly can have a high raw error count but still be of high quality if the

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.
SALSA2 utilizing the graph has 2-4 fold fewer errors than 3D-DNA.

https://doi.org/10.1371/journal.pcbi.1007273.g003

Assembly graph based scaffolding

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007273 August 21, 2019 10 / 19
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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

https://doi.org/10.1371/ journal.pcbi.1007445
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clustering methods (S3 Fig).These experiments indicated that setting k between 100 and 300
resulted in the most accurate cell type identification results irrespectively to n (S4 Fig). Hence,
we select k = 300 and n = 30 as the default parameters for applying SCMarker.

We obtained 902 markers from the melanoma data and more distinguishable cell types
using SCMarker than using the canonical strategies (Fig 3A to 3C, S1 Data). Better perfor-
mance of SCMarker was also obtained in analysing the head and neck cancer data (S5 Fig).
Moreover, the genes selected by SCMarker had substantially higher degrees of overlap with the
known cell-type markers reported in the original publications than the sets returned by other
approaches (the same number of 902 top scoring genes were selected for fair comparison),
including the “FindMarker” approach in Seurat (Fig 3D to 3G). Notably, SCMarker selected
significantly more immune cell surface markers specific to T cytotoxic, T helper, B lympho-
cyte, and macrophage cells that are likely present in the tumour microenvironment, as indi-
cated by gene set enrichment analysis (S6 Fig) [36].

Application of SCMarker to 3’ UMI count data

To avoid introducing biases due to potential overfitting and assess the utility of our approaches
on other platforms, we further assessed the utility of SCMarker in analysing the 3’ UMI count
scRNA-seq data generated by the droplet platforms. We determined the optimal values of k
and n under various sample sizes via resampling the melanoma data (S7 Fig). When the sam-
ple size was 500, the optimal values were k = 100 and n = 20 (or 30). When the sample size was
2,500 or 25,000, the optimal values were k = 300, n = 30, the same as what we obtained from
the original dataset (4,645 cells). When sample size increased to 50,000, the optimal values
increased to k = 400, n = 100. Overall, although the sample size did affect the optimal choices
of k and n, their influences were relatively modest.

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 step-
size 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:
k-means, Clara, hierarchical clustering (hc), DBSCAN, and Seurat.

https://doi.org/10.1371/journal.pcbi.1007445.g002

Ab initio marker selection for single cell transcriptome profiling

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007445 October 28, 2019 5 / 13
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We first analysed a set of 5,602 cells from the cerebellar hemisphere of normal brain tissues
generated by Drop-seq under k = 300 and n = 30 [29]. SCMarker selected 699 genes as mark-
ers, which differentially expressed across cell subpopulations under the default parameters (S1
Data). Alternatively, the default mode of Seurat led to the selection of 6,111 highest variable
genes (HVGs). For comparison, we selected 699 highest expressed genes (HEGs). Although
SCMarker selected less markers than Seurat, the clustering result showed a clearer separation
than that based on the Seurat HVGs and on the HEGs (Fig 4A to 4C). In particular, SCMarker
successfully delineated Purkinje neurons into purk1 (cluster4, Fig 4A) and purk2 (cluster7,
Fig 4A) and recapitulated the differential levels of SORCS3 between two clusters (Fig 4D),
which are consistent with the results in the original paper. In contrast, although the Purkinje
neurons were clustered into four groups by Seurat (Fig 4B), purk1 and purk2 were not well
separated (Fig 4B), and the expression levels of SORCS3 showed mosaic patterns across the 4
groups (cluster4, 6, 11 and 12, Fig 4E). As additional controls, we performed clustering using
the top 500 and 1000 Seurat HVGs. That did not result in any improvement (S8 Fig).We then
analysed the scRNA-seq data of 52,698 cells from 5 lung tumours generated by the 10X Chro-
mium platform (10X Genomics) under k = 400 and n = 100 [30]. SCMarker identified 950
markers under the parameters (S1 Data), while Seurat identified 1,832 HVGs. We also selected
950 HEGs for comparison. SCMarker led to 23 clearly distinguishable clusters, while the Seurat
HVGs led to 12 and the HEGs led to 19 (Fig 5A to 5C). The 10 highest expressed markers per
cluster derived by SCMarker showed a high degree of cluster-specificity in the heatmap (Fig
5D). Among the selected markers were the 17 known markers reported by the original study
(Table 1). SCMarker also discovered multiple putative subtypes for some cell types, such as the

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.

https://doi.org/10.1371/journal.pcbi.1007445.g003

Ab initio marker selection for single cell transcriptome profiling

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007445 October 28, 2019 6 / 13
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T, B and myeloid cells (Table 1, Fig 5A). For example, cluster 4 and 23 are the B cells express-
ing known surface marker CD79A (Fig 5A), yet cells in cluster 4 are evidently different from
cells in cluster 23, due to differential IGHG1 and BANK1 expression levels (Fig 5D). For com-
parison, we selected the 10 highest expressed genes from the clusters determined by the Seurat
HVGs and by the HEGs, respectively (Fig 5E and 5F). They appeared non-specifically distrib-
uted across clusters (Fig 5E and 5F). These genes also contained fewer known markers
(Table 1). For example, cluster 3 determined by the Seurat HVGs contained markers (CLDN5,
CAV1 and IFITM3) from 3 cell-types (endothelia, alveolar and B cell, respectively). Most clus-
ters expressed IFITM3, except for clusters 1 and 6 (Fig 5E). Only T cell and fibroblast markers
appeared to be cluster-specific. As additional controls, we also performed analysis using fewer
(i.e., 500 and 1000) Seurat HVGs. That resulted in worse results with fewer known markers
and marker-specific clusters (S9 Fig).

Overall, SCMarker demonstrated higher sensitivity and specificity for cell type and cell-
type specific marker identification than the alternative approaches. Moreover, markers
selected by SCMarker were more significant among genes which were identified by Seurat to
define clusters (S10 Fig).

Fig 4. Results on the human brain data. Plotted in tSNE space are 5,602 cells in the cerebellar hemisphere of human brain tissue based on markers selected
respectively by (A) SCMarker, (B) the highest variable genes and (C) the highest expressed genes, colored by performing clustering using Seurat. Cell types were
labelled consistently as they were in the original paper. Also plotted are the heatmaps of the top 10 gene expression levels derived respectively from (D) SCMarker in
cluster 4 and 7, (E) the highest variable genes in cluster 4, 6 11 and 12 and (F) the highest expressed genes in cluster 3, 4 and 6.

https://doi.org/10.1371/journal.pcbi.1007445.g004

Ab initio marker selection for single cell transcriptome profiling

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1007445 October 28, 2019 7 / 13
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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.

https://doi.org/10.1371/journal.pcbi.1006384
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difference in expression level between cells at the centroid and the edge of the colony. In con-
trast, hPSCs cultured in CM exhibit more than double the level of SOX2 expression at the cen-
ter of the colony compared to the edge.

Fig 3. Quantification of radial expression trends. A) Comparison of SOX2 expression between cells growing inside and outside of colonies in microcontact-printed
wells. B) Cells from multiple colonies at similar locations within their respective colony are aggregated together in bins according to a hexagonal grid system. The
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 spatial
protein expression pattern of SOX2 (left). Each bin shows the mean expression of cells from multiple colonies. Trends are visualized as line plots, where joint data
points represent the mean intensity of cells at each distance bin throughout the colony (right). Error bars represent 95% confidence intervals between cells from the
same location in different colonies. D) Hexagonally binned cells in triangular hPSC colonies (left). Cells grouped in concentric bins according to their distance from
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) Visualization of the
Sox2 expression levels in the hexagonal bins (left) and the concentric bins (middle). The number of cells per bin for the different concentric binning strategies (right).

https://doi.org/10.1371/journal.pcbi.1006384.g003

Context-explorer

PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1006384 January 2, 2019 9 / 13
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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

https://doi.org/10.1093/bioinformatics/btz225



#IS20 #TBIYIR20 @nicktatonettiobtained graphs is substantially different. The RBH graphs of sICA

and ICA are characterized by tight communities and less disconnected

nodes in respect to the others. NMF has some areas of densely con-

nected nodes but these are less pronounced in respect to those of sICA.

The graph of PCA reflects the hierarchical structure of the principal

components (PCs). A densely connected area can be indeed identified

in the lower part of the graph, where the first, second and third PCs are

localized. This topological organization is lost when going toward

higher-order components. Finally, the graph of ICA’ has a surprisingly

divergent structure in respect to the one of sICA, with a much lower

number of tight communities. This last result suggests that the protocol

used to apply ICA has a strong impact in the obtained RBH graph.

Similar conclusions on the RBH graph topology have been made when

we tested the effect of subsampling onto MFs applied to the same data-

set (Supplementary Material S6 and Supplementary Fig. S3).

The qualitative characteristics here discussed will be extensively

tested in the next sections, devoted to the comparison of the meas-

ures defined as Step 4 of our framework.

3.1 Reproducibility in at least one other dataset
Having multiple independent transcriptomic datasets from the same

biological condition (in our case CRC, BRCA or OVCA), we can ex-

pect to have similar biological factors captured by the MF in at least

few datasets. As a consequence, a metagene should find a RBH in at

least one other dataset. This may not happen if the metagene cap-

tures a technical dataset-specific bias or a rare subpopulation of

tumors uniquely present in one dataset or due to the inability of an

MF method to generalize to other cohorts.

To measure this aspect, we evaluated the number of disconnected

nodes/metagenes in the results of the various MFs (Supplementary

Material S2). As shown in Figure 3, sICA, with 65 224 and 36 discon-

nected metagenes in CRC, BRCA and OVCA, respectively, outper-

forms other approaches (see Fig. 3A and Supplementary Figs. S4A and

S5A). For example, NMF and PCA had respectively 129 and 173 dis-

connected nodes in CRC. Finally, cophNMF obtained 12% of discon-

nected nodes against the 6.7% of sICA (see Supplementary Table S2).

As expected, RGCCA-based RBH graphs have less disconnected com-

ponents than any other MF method independently applied to each

dataset (Supplementary Fig. S6A).

3.2 Wide across-datasets reproducibility
To evaluate the reproducibility of the metagenes output of the differ-

ent MFs we computed the number of links in their RBH graphs

(Supplementary Material S 2). For example, working with 14 CRC

datasets, in an optimal scenario a metagene should find 13 RBHs

corresponding to the metagenes that reflect the same biological fac-

tor in the remaining 13 datasets. In reality, this is not always the

case given that a biological factor can be underrepresented in some

datasets due to the choice of the samples or to their number.

However, higher is the number of RBHs lower is the deviation of

the performances of a MF approach from the optimal scenario. As

shown in Figure 3B, Supplementary Figures S4B and S5B sICA, with

2900 RBHs in CRC 1605 in BRCA and 390 in OVCA, strikingly

outperforms alternative approaches. In CRC, e.g. sICA identified

!1000 RBHs more than the other MFs, including also cophNMF

(see Supplementary Table S2). At the same time, RGCCA-based

RBH graph for CRC was characterized by 3730 RBH links

(Supplementary Fig. S6B). Interestingly, sICA, without forcing the

correlation between the components of different datasets, provides

only 830 RBHs less (corresponding to 22% less) than RGCCA.

3.3 Tightness of the community structure in the RBH
graph
Concerning the topological structure of the RBH graph, the best MF

algorithm should derive a cluster-graph like graph, i.e. a disjoint

union of tight communities. Indeed as discussed above an optimal

MF algorithm should find a component for each relevant biological

factor underlying the transcriptome. Working with various tran-

scriptomic datasets obtained from the same disease (e.g. CRC),

those components associated to the same biological factor should

cluster together forming a tight community. The final structure of

the optimal RBH graph should be thus composed of various tight

communities sparsely connected one to each other.

In order to verify how the RBH graphs resulting from the differ-

ent MF approaches are close to this optimal topology, we considered

four well-established measures (Supplementary Material S2): (i)

clustering coefficient; (ii) modularity; (iii) number of communities;

and (iv) average size of the communities. The first two are standard

measures in network theory for evaluating how evident is the pres-

ence of communities in a graph (Fortunato, 2010). The average size

and the number of the communities are instead used to evaluate

how consistently each MF algorithm merges components obtained

from different datasets. From the results reported in Figure 3C–F,

Supplementary Figures S4C–F and S5C–F the superior performances

of sICA with respect to alternative approaches can be clearly appre-

ciated. Especially, the clustering coefficient and modularity are strik-

ingly higher in sICA in respect to its alternatives. Of note,

concerning the number of communities, in CRC NMF performs as

sICA and, in OVCA, PCA outperforms sICA. However while PCA

Fig. 2. RBH graphs of widely used MFs built for 14 independent CRC datasets.
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detects more communities than sICA in OVCA, these are smaller and

in two cases they merge metagenes coming from the same dataset. As

shown in Supplementary Table S2, also concerning the topology of the

RBH graph, the performances of NMF do not improve if considering

cophNMF. RGCCA-based RBH graph for CRC was characterized by

tighter communities as expected (Supplementary Fig. S6C–F).

3.4 Biological content and specificity of the components
Finally, we checked if the communities identified in the RBH graph

were effectively associated to specific biological factors. In particular,

we tested the ability of the communities of the different MFs in pre-

dicting three biological factors that are expected to influence cancer

transcriptomic profiles: patient gender, proliferation status of a tumor

and the level of stromal infiltration. For this test we performed a re-

gression analysis of the metasamples obtained from the different MFs.

The gender annotation is composed of discrete values M/F

obtained from the available clinical annotations: in this case, we

thus performed a logistic regression. Proliferation was evaluated

averaging the expression of the genes belonging to a well-known

proliferation signature (Giotti et al., 2017) and it is thus a vector of

continuous weights. Finally, stromal infiltration was estimated using

the average expression of the genes belonging to the stromal signa-

ture of ESTIMATE tool (Yoshihara et al., 2013).

The results of this first test are summarized in Figure 3G–I and

Supplementary Figures S4G, H, S5G and H. We focused on the com-

munity that predicted the best the specified biological signal. The

community was selected as the one with the highest percentage P of

metasamples whose regression on the biological signal was signifi-

cant. We used three parameters commonly used to evaluate the qual-

ity of a linear regression: R2, Bayesian information criterion (BIC)

and Akaike’s information criterion (AIC). We finally define a score

to combine them in a single value as (P*R2)/(BIC*AIC). The higher

this score the stronger is the association between the community and

the biological factor. Indeed a good regression would correspond to

R2 value near to 1 and low BIC and AIC values. Such scores are

reported in Figure 3G–I and Supplementary Figures S4G, H, S5G

and H. The specific values obtained by the single scores are reported

in Supplementary Table S3. As shown in Figure 3G–I and

Supplementary Figures S4G, H, S5G and H, sICA better approxi-

mates all three tested biological factors. In particular, NMF does not

identify any component that can significantly predict the gender sig-

nal. We then investigated the specificity of such predictions, mean-

ing the ability of the MF approach to define a clear one-to-one

association between a biological signal and a component. To test for

the specificity of the different MFs we focused on the components

obtained on the GSE39582 dataset (see Supplementary Table S1)

and considered the R2 obtained in the previously computed regres-

sions by all the 100 components. As shown in Supplementary Figure

S7, sICA resulted to be far more specific than the alternative MFs.

In particular for all the three biological factors (gender, proliferation

and stromal infiltration) sICA found only one component strongly

associated to them. On the opposite, NMF and ICA’ identified mul-

tiple components with similar regression performances. Finally PCA

resulted to be specific in stromal infiltration and proliferation pre-

diction. However, PC1 was the component predicting simultaneous-

ly both signals, confirming the already observed limitation of PCA

of conflating multiple biological processes into a single component.

3.5 Impact of the technical platform on the MFs
We used OVCA as a case study to evaluate the impact of the profil-

ing platform on the results of the various MF algorithms. Indeed

having four OVCA datasets composed of the same samples we are

sure that no biological variability is present across them. In the opti-

mal scenario, all the metagenes of an MF algorithm should find a

RBH with a metagene of the other three datasets. At Step 2 of our

framework applied to OVCA we checked the number of RBH links

of the different MFs together with their average absolute correl-

ation. sICA resulted to perform better than alternative approaches

also in this case, with 390 links and average correlation of 0.396

(see Supplementary Table S4 and Supplementary Fig. S5B). Finally,

we evaluated if a specific agreement could be identified between

profiling platforms (see Supplementary Fig. S8 and Supplementary

Material S2). The correlations among the obtained across different

platforms are highly variable, depending on the MF method employed.

Agilent seems to show the lower correlation with Affymetrix micro-

array and RNAseq platforms. From such analysis, together with the

results of BRCA and CRC, we can conclude that RNAseq and micro-

array platforms give similar results in terms of extracted components.

3.6 sICA identifies biological insights on CRC consistent
with previous knowledge
In the previous sections, we showed that sICA has more reprodu-

cible results than alternative approaches according to multiple meas-

ures of practical interest for high-throughput data analysis. We now

concentrate more deeply on the biological insights that can be

derived from the RBH graph of this MF algorithm in CRC. To this

aim we added to the analysis other four datasets: single-cell RNAseq

from normal and tumoral CRC tissue (Li et al., 2017), Patient-

derived Xenograft (PDX) CRC Models and liver metastasis (LM)

(Isella et al., 2017). Combining sICA components from scRNASeq

data together with those obtained in bulk RNA-seq transcriptomes

through the RBH network allows better characterization of cell-type

specific signals in bulk transcriptomes while PDX and LM data help

to better discriminate tumor cell-specific signals from microenviron-

ment signals. Given the different nature of such data in respect to

the previous 14 we only employed them for the biological

A B C

D E F

G H IG H I

Fig. 3. Comparison of MFs in CRC. Different measures are here plotted for the

comparison of the various MFs: sICA (first bar in each plot), ICA (second bar

in each plot), ICA’ (third bar in each plot), NMF (fourth bar in each plot) and

PCA (fifth bar in each plot)
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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.

https://doi.org/10.1186/s13073-019-0692-0
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75% of the HPO terms assigned to the patients, indicating
that the effects of the SVs on these genes can explain most
of the phenotypes of these patients (Additional file 1:
Table S4). In 6 other cases, directly affected T1/T2 can-
didate drivers were identified that were only associated
with a part of the patient’s phenotypes (Additional file 1:
Table S4).
Subsequently, we performed RNA sequencing on pri-

mary blood cells or lymphoblastoid cell lines derived
from all 39 individuals to determine the impact of de
novo SVs on RNA expression of candidate driver genes.
RNA sequencing confirmed that most expressed genes
directly affected by de novo deletions show a reduced
RNA expression (97 of 107 genes with a median reduc-
tion of 0.46-fold compared to non-affected individuals)
(Fig. 2d). Although duplicated genes show a median of

1.44-fold increase in expression, only 14 of 43 (~ 30%) of
them are significantly overexpressed compared to the
expression levels in non-affected individuals. In total,
87 genes are truncated by SVs and 4 of these are classi-
fied as T1/T2 candidate drivers. The genomic rear-
rangements lead to 12 possible fusions of truncated
genes, and RNA-seq showed an increased expression
for 2 gene fragments due to the formation of a fusion
gene (Additional file 2: Figure S4, Additional file 1:
Table S5). None of the genes involved in the formation
of fusion genes were associated with the phenotypes of
the patients, although we cannot exclude an unknown
pathogenic effect of the newly identified fusion genes.
We could detect expression for 3 deleted and 2 dupli-
cated T1/T2 candidate drivers, and these were differen-
tially expressed when compared to controls. The RNA

Fig. 2 Prediction of candidate driver genes directly and indirectly affected by the SVs. a Schematic overview of the computational workflow
developed to detect candidate driver genes. Classification of genes at (direct) or surrounding (indirect) the de novo SVs is based on the
association of the gene with the phenotype and the predicted direct or indirect effect on the gene (Table 1). b Total number of identified tier 1,
2, and 3 candidate driver genes predicted to be directly or indirectly affected by an SV. c Genome browser overview showing the predicted
disruption of regulatory landscape of the HOXD locus in individual P22. A 107-kb fragment (red shading) upstream of the HOXD locus (green
shading) is translocated to a different chromosome, and a 106-kb fragment (yellow shading) is inverted. The SVs affect the TAD centromeric of
the HOXD locus which is involved in the regulation of gene expression in developing digits. The translocated and inverted fragments contain
multiple mouse [43] and human (day E41) [44] embryonic limb enhancers, including the global control region (GCR). Disruptions of these
developmental enhancers likely contributed to the limb phenotype of the patient. The virtual V4C track shows the Hi-C interactions per 10 kb bin
in germinal zone (GZ) cells using the HOXD13 gene as viewpoint [35]. The bottom track displays the PCHiC interactions of the HOXD13 gene in
neuroectodermal cells [40]. UCSC Liftover was used to convert mm10 coordinates to hg19. d RNA expression levels of genes at or adjacent to de
novo SVs. Log2 fold RNA expression changes compared to controls (see the “Methods” section) determined by RNA sequencing for expressed
genes (RPKM > 0.5) that are located within 2 Mb of SV breakpoint junctions (FLANK) or that are inverted (INV), duplicated (DUP), deleted (DEL), or
truncated (TRUNC). Differentially expressed genes (p < 0.05, calculated by DESeq2) are displayed in red

Middelkamp et al. Genome Medicine           (2019) 11:79 Page 7 of 15
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Fig. 3 (See legend on next page.)
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disorders in general. Each gene was assigned one point
per category if it met the following criteria (Table 1): (1) a
pLI score of more than 0.9, (2) a RVIS score of less than
10, (3) a haploinsufficiency score of less than 10 or a
ClinGen haploinsufficiency or triplosensitivity score be-
tween 1 and 3, (4) presence in the DDG2P database, and
(5) presence in the OMIM database. Therefore, the dis-
ease association score ranges from 0 to 5, and a higher
score indicates that the gene is associated with develop-
mental disorders in multiple databases. Modes of inherit-
ance for each gene (e.g., autosomal dominant, autosomal
recessive, or X-linked) were retrieved from the HPO and
DDG2P databases.

Computational prediction of the effects of SVs on genes
For each patient, the protein-coding genes located at or
adjacent (< 2Mb) to the SVs were selected. The HPO
terms linked to these genes in the HPO database were
matched to each individual HPO term assigned to the
patient and to the combination of the patient’s HPO
terms. For each gene, the number of phenomatch scores
higher than 1 (low phenomatches) and higher than 5
(high phenomatches) with individual patient HPO terms
was calculated. The strength of the association (none,
weak, medium, or strong) of each selected gene with the
phenotype of the patient was determined based on the
total phenomatch score, the number of low and high

phenomatches, the mode of inheritance, and the disease
association score (Table 1, Additional file 2: S1a).
Subsequently, potential direct and indirect effects of

the SVs (none, weak, or strong) on the genes were pre-
dicted (Table 1, Additional file 2: Figure S1a). The pre-
diction analyses were based on chromatin organization
and epigenetic datasets of many different cell types ob-
tained from previous studies (see Additional file 1: Table
S2 for data sources).
First, we determined which TADs of 20 different cell

types overlapped with the de novo SVs and which genes
were located within these disrupted TADs [34–36]
(Additional file 2: Figure S1b). To determine if the dis-
rupted portions of the TADs contained regulatory ele-
ments that may be relevant for the genes located in the
affected TADs, we selected the 3 cell types in which the
gene is highly expressed based on RNA-seq data from the
Encode/Roadmap projects [37] reanalyzed by Schmitt
et al. [34] (Additional file 2: Figure S1C). The number of
active enhancers (determined by chromHMM analysis of
Encode/Roadmap ChIP-seq data [37]) in the TADs up-
and downstream of the breakpoint junction in the 3 se-
lected cell types was counted (Additional file 2: Figure
SS1D). Virtual 4C was performed by selecting the rows of
the normalized Hi-C matrices containing the transcription
start site coordinates of the genes. The v4C profiles were
overlapped with the breakpoint junctions to determine the
portion of interrupted Hi-C interactions of the gene

Table 1 Cutoffs used to classify affected genes as T1, T2, or T3 candidate driver genes
1. Phenotype association

Weak Medium Strong

Disease association score (0–5) pLI > 0.9
RVIS < 10
HI < 10
DDG2P
OMIM

> 0 > 0 > 2

Total phenomatch score > 0 > 4 > 10

Phenomatches (% of HPO terms with phenomatch score > 5) > 0 > 10% > 25%

Mode of inheritance AD/XD/XR+XY AD/XD/XR+XY

2. Effect of SV on gene

Weak Strong

Gene location Adjacent Dup Adjacent DEL/TRUNC

Support score (0–6) TAD disrupted
V4C disrupted
PCHiC disrupted
DHS disrupted
RNA expression

> 1 NA > 3 NA

3. Driver classification

Classification T3 T2 T1

Phenotype association + effect of SV on gene Weak + weak Strong + weak Medium + strong Strong + strong

pLI probability of being loss-of-function intolerant, RVIS Residual Variation Intolerance Score, HI haploinsufficiency, DDG2P Developmental Disorders Genotype-
Phenotype 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

Middelkamp et al. Genome Medicine           (2019) 11:79 Page 4 of 15

including 9/26 individuals with CNVs previously classified
as VUS (Fig. 4a, Additional file 1: Table S6). Interestingly,
support for position effects on candidate drivers was only
found in 11% of the cases with CNVs, suggesting that
pathogenic position effects are more common in patients
with balanced SVs than in patients with unbalanced SVs
(Fig. 4b). No driver genes were identified for 39% of the
previously considered pathogenic CNVs (based on recur-
rence in other patients). In some cases, the potential
drivers may remain unidentified because of incomplete-
ness of the HPO database or insufficient description of the
patient’s phenotypes. However, given the WGS results de-
scribed for our patient cohort, it is also likely that some
complexities of the CNVs may have been missed by the
array-based detection method. The data also suggests that
many disease-causing genes or mechanisms are still not

known and that some SVs are incorrectly classified as
pathogenic.

Discussion
More than half of the patients with neurodevelopmental
disorders do not receive a diagnosis after regular genetic
testing based on whole-exome sequencing and microarray-
based copy number profiling [3]. Furthermore, the molecu-
lar mechanisms underlying the disease phenotype often
remain unknown, even when a genetic variant is diagnosed
as (potentially) pathogenic in an individual, as this is often
only based on recurrence in patients with a similar pheno-
type. Here, we applied an integrative method based on
WGS, computational phenomatching and prediction of
position effects to improve the diagnosis, and molecular

(See figure on previous page.)
Fig. 3 SVs can affect multiple candidate drivers which jointly contribute to a phenotype. a Number of patients whose phenotype can be partially
or largely explained by the predicted T1/T2 candidate drivers (based on the percentage of the patient’s HPO terms that have a phenomatch
score > 4). These molecular diagnoses are based on the fraction of HPO terms assigned to the patients that have a phenomatch score of more
than 5 with at least one T1/T2 driver gene. b Scatterplot showing the number of predicted T1/T2 candidate drivers compared to the total
number of genes at or adjacent (< 2 Mb) to the de novo SVs per patient. c Heatmap showing the association of the four predicted T1/T2
candidate drivers with the phenotypic features (described by HPO terms) of individual P25. The numbers correspond to the score determined by
phenomatch. The four genes are associated with different parts of the complex phenotype of the patient. d Ideogram of the derivative (der)
chromosomes 6, 12, and 20 in individual P25 reconstructed from the WGS data. WGS detected complex rearrangements with six breakpoint
junctions and two deletions on chr6 and chr20 respectively of ~ 10 Mb and ~ 0.6 Mb. e Circos plot showing the genomic regions and candidate
drivers affected by the complex rearrangements in individual P25. Gene symbols of T1/T2 and T3 candidate drivers are shown respectively in red
and black. The breakpoint junctions are visualized by the lines in the inner region of the plot (red lines and highlights indicate the deletions). The
middle ring shows the log2 fold change RNA expression changes in lymphoblastoid cells derived from the patient compared to controls
measured by RNA sequencing. Genes differentially expressed (p < 0.05) are indicated by red (log2 fold change < ! 0.5) and blue (log2 fold change
> 0.5) bars. The inner ring shows the organization of the TADs and their boundaries (indicated by vertical black lines) in germinal zone (GZ) brain
cells [35]. TADs overlapping with the de novo SVs are highlighted in red. f Genomic distance (in base pairs) between the indirectly affected
candidate driver genes and the closest breakpoint junction. Most candidate drivers are located within 1 Mb of a breakpoint junction (median
distance of 185 kb)

Fig. 4 In silico prediction of candidate drivers in larger cohorts of patients with de novo SVs. a Comparison between previous SV classifications
with the strongest candidate driver (located at or adjacent (< 1 Mb) to these SVs) predicted by our approach. Two different patient cohorts, one
containing mostly balanced SVs [21] and one containing copy number variants, were screened for candidate drivers. Our method identified T1/T2
candidate drivers for most SVs previously classified as pathogenic or likely pathogenic. Additionally, the method detected T1/T2 candidate drivers
for some SVs previously classified as VUS, which may lead to a new molecular diagnosis. b Quantification of the predicted effects of the SVs on
proposed T1/T2 candidate driver genes per cohort. Individuals with multiple directly and indirectly affected candidate drivers are grouped in the
category described as “Both.” Indirect position effects of SVs on genes contributing to phenotypes appear to be more common in patients with
balanced SVs compared to patients with copy number variants

Middelkamp et al. Genome Medicine           (2019) 11:79 Page 11 of 15
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Neural Networks and Deep Learning Get Real



#IS20 #TBIYIR20 @nicktatonetti

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

https://doi.org/10.1093/jamiaopen/ooy061
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of neighbors for KNN was 7; linear kernel and a penalty parameter

of 30 were selected for SVC; the maximum depth of a tree, the mini-

mum number of samples required to split an internal node, and the

minimum number of samples required to be at a leaf node were opti-

mized as 6, 5, and 5, respectively, for RF; and an L2 penalty parame-

ter of 10 was picked for LR (Table 1).

Figure 1. Workflow of text processing and document classification using machine learning models.

Table 1. Best hyperparameters for the classifiers

Classifier Hyperparameters

Deep learning classifiers

LSTM_onFly Optimizer!Adam, batch size!64, dropout rate!0,

word embedding!trained on the fly, recurrent

layer!single directional LSTM

LSTM_Pre Optimizer!Adam, batch size!64, dropout rate!0,

word embedding!pretrained on the whole corpus,

recurrent layer!single directional LSTM

LSTM_Bi Optimizer!Adam, batch size!64, dropout rate!0,

word embedding!pretrained on the whole corpus,

recurrent layer!bidirectional LSTM

GRU Optimizer!Adam, batch size!64, dropout rate!0,

word embedding!pretrained on the whole corpus,

recurrent layer!single directional LSTM

Conventional classifiers

KNN Number of neighbors!7

LR L2 penalty parameter!10

NB Smoothing parameter alpha!0

RF Maximum depth of a tree!6

Minimum number of samples required to split an

internal node!5

Minimum number of samples required to be at a leaf

node!5

SVC Kernel!linearL

2 penalty parameter!30

GRU: gated recurrent unit; KNN: K-nearest Neighbor; LR: logistic regres-

sion; LSTM: long short-term memory; NB: Naive Bayes; RF: random forest;

SVC: Support Vector Machine for classification.

Figure 2. Dimensional reduction of term frequency-inverse document fre-

quency (TF-IDF) representation of the documents via singular-value decom-

position (SVD). Data points are colored by treatment-change (1) and

nontreatment-change (0) groups.
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Figure 5. Training curves of the first 15 epochs for RNN-based models, where the upper panel is the model accuracy for training and validation datasets, and

lower panel is the model loss for training and validation dataset. RNN: recurrent neural network.
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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.

https://doi.org/10.1001/jamanetworkopen.2019.2597
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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. 

https://doi.org/10.1101/684357
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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

https://doi.org/10.1016/j.cell.2020.01.021
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to a fewmillionmolecules, are often prohibitively costly to curate,
limited in chemical diversity, and fail to reflect the chemistry that
is inherent to antibiotic molecules (Brown et al., 2014). Since the
implementation of high-throughput screening in the 1980s, no
new clinical antibiotics have been discovered using this method.
Novel approaches to antibiotic discovery are needed to in-

crease the rate at which new antibiotics are identified and simul-
taneously decrease the associated cost of early lead discovery.
Given recent advancements in machine learning (Camacho
et al., 2018), the field is now ripe for the application of algorithmic
solutions for molecular property prediction to identify novel
structural classes of antibiotics. Indeed, adopting methodolo-
gies that allow early drug discovery to be performed largely in sil-
ico enables the exploration of vast chemical spaces that is
beyond the reach of current experimental approaches.
The idea of analytical exploration in drug design is not new.

Decades of prior work in chemoinformatics have developed
models for molecular property prediction (Mayr et al., 2018;
Wu et al., 2017). However, the accuracy of these models has
been insufficient to substantially change the traditional drug
discovery pipeline. With recent algorithmic advancements in
modeling neural network-based molecular representations, we
are beginning to have the opportunity to influence the paradigm
of drug discovery. An important development relates to how

molecules are represented; traditionally, molecules were
represented by their fingerprint vectors, which reflected the
presence or absence of functional groups in the molecule, or
by descriptors that include computable molecular properties
and require expert knowledge to construct (Mauri et al., 2006;
Moriwaki et al., 2018; Rogers and Hahn, 2010). Even though
the mapping from these representations to properties was
learned automatically, the fingerprints and descriptors them-
selves were designed manually. The innovation of neural
network approaches lies in their ability to learn this representa-
tion automatically, mapping molecules into continuous vectors
that are subsequently used to predict their properties. These
designs result in molecular representations that are highly at-
tuned to the desired property, yielding gains in property predic-
tion accuracy over manually crafted representations (Yang
et al., 2019b).
While neural network models narrowed the performance

gap between analytical and experimental approaches, a differ-
ence still exists. Here, we demonstrate how the combination of
in silico predictions and empirical investigations can lead to
the discovery of new antibiotics (Figure 1). Our approach con-
sists of three stages. First, we trained a deep neural network
model to predict growth inhibition of Escherichia coli using a
collection of 2,335 molecules. Second, we applied the resulting
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Figure 1. Machine Learning in Antibiotic Discovery
Modern approaches to antibiotic discovery often include screening large chemical libraries for those that elicit a phenotype of interest. These screens, which are

upper bound by hundreds of thousands to a few million molecules, are expensive, time consuming, and can fail to capture an expansive breadth of chemical

space. In contrast, machine learning approaches afford the opportunity to rapidly and inexpensively explore vast chemical spaces in silico. Our deep neural

network model works by building a molecular representation based on a specific property, in our case the inhibition of the growth of E. coli, using a directed

message passing approach. We first trained our neural network model using a collection of 2,335 diverse molecules for those that inhibited the growth of E. coli,

augmenting the model with a set of molecular features, hyperparameter optimization, and ensembling. Next, we applied the model to multiple chemical libraries,

comprising >107 million molecules, to identify potential lead compounds with activity against E. coli. After ranking the candidates according to the model’s

predicted score, we selected a list of promising candidates.
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Figure 3. Halicin Is a Broad-Spectrum Bactericidal Antibiotic
(A) Killing of E. coli in LBmedia in the presence of varying concentrations of halicin after 1 h (blue), 2 h (cyan), 3 h (green), and 4 h (red). The initial cell density is!106

CFU/mL. Shown is the mean of two biological replicates. Bars denote absolute error.

(B) Killing of E. coli in PBS in the presence of varying concentrations of halicin after 2 h (blue), 4 h (cyan), 6 h (green), and 8 h (red). The initial cell density is !106

CFU/mL. Shown is the mean of two biological replicates. Bars denote absolute error.

(C) Killing of E. coli persisters by halicin after treatment with 10 mg/mL (103MIC) of ampicillin. Light blue is no halicin. Green is 53MIC halicin. Purple is 103MIC

halicin. Red is 203 MIC halicin. Shown is the mean of two biological replicates. Bars denote absolute error.

(legend continued on next page)
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force. Similar DiSC3(5) fluorescence changes were observed in
S. aureus treated with halicin (Figures S3F and S3G). Moreover,
halicin displayed antibiotic antagonism and synergy profiles
consistent with DpH dissipation. Of note, halicin antagonized
the activity of tetracycline in E. coli, and synergized with
kanamycin (Figure 4E), consistent with previous work showing
that the uptake of tetracyclines is dependent upon DpH (Yama-
guchi et al., 1991), whereas aminoglycoside uptake is driven
largely by Dc (Taber et al., 1987).
Interestingly, our observations that halicin induced the expres-

sion of iron acquisition genes at sub-lethal concentrations
(Tables S4A–S4C) suggested that this compound complexes
with iron in solution, thereby dissipating transmembrane DpH
potential similarly to other antibacterial ionophores, such as
daptomycin (Farha et al., 2013). We note here that daptomycin
resistance via deletion of dsp1 in S. aureus did not confer
cross-resistance to halicin (Figure S3H). We observed enhanced
potency of halicin against E. coli with increasing concentrations
of environmental Fe3+ (Figure 4E). This is consistent with a
mechanism of action wherein halicin may bind iron prior to
membrane association and DpH dissipation.

Halicin Displays Efficacy in Murine Models of Infection
Given that halicin displays broad-spectrum bactericidal activity
and is not highly susceptible to plasmid-borne antibiotic-resis-
tance elements or de novo resistance mutations at high fre-
quency, we next asked whether this compound might have
utility as an antibiotic in vivo. We therefore tested the efficacy
of halicin in a murine wound model of A. baumannii infection.
On the dorsal surface of neutropenic BALB/c mice, we estab-
lished a 2 cm2 wound and infected with !2.5 3 105 CFU of
A. baumannii strain 288 acquired from the Centers for
Disease Control and Prevention (CDC). This strain is not suscep-
tible to clinical antibiotics generally used for treatment of
A. baumannii, and therefore represents a pan-resistant
isolate. Importantly, halicin displayed potent growth inhibition
against this strain in vitro (MIC = 1 mg/mL; Figure 5A) and
was able to sterilize A. baumannii 288 cells residing in metabol-
ically repressed conditions (Figures 5B, S4A, and S4B). After 1 h
of infection establishment, mice were treated with Glaxal
Base Moisturizing Cream supplemented with vehicle (0.5%
DMSO) or halicin (0.5% w/v). Mice were then treated after 4 h,
8 h, 12 h, 20 h, and 24 h of infection, and sacrificed at 25 h
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Figure 5. Halicin Displays Efficacy in Murine Models of Infection
(A) Growth inhibition of pan-resistant A. baumannii CDC 288 by halicin. Shown is the mean of two biological replicates. Bars denote absolute error.

(B) Killing of A. baumannii CDC 288 in PBS in the presence of varying concentrations of halicin after 2 h (blue), 4 h (cyan), 6 h (green), and 8 h (red). The initial cell

density is !108 CFU/mL. Shown is the mean of two biological replicates. Bars denote absolute error.

(C) In a wound infection model, mice were infected with A. baumannii CDC 288 for 1 h and treated with either vehicle (green; 0.5% DMSO; n = 6) or halicin (blue;

0.5% w/v; n = 6) over 24 h. Bacterial load from wound tissue after treatment was determined by selective plating. Black lines represent geometric mean of the

bacterial load for each treatment group.

(D) Growth inhibition of C. difficile 630 by halicin. Shown is the mean of two biological replicates. Bars denote absolute error.

(E) Experimental design for C. difficile infection and treatment.

(F) Bacterial load of C. difficile 630 in feces of infected mice. Metronidazole (red; 50 mg/kg; n = 6) did not result in enhanced rates of clearance relative to vehicle

controls (green; 10% PEG 300; n = 7). Halicin-treated mice (blue; 15 mg/kg; n = 4) displayed sterilization beginning at 72 h after treatment, with 100% of mice

being free of infection at 96 h after treatment. Lines represent geometric mean of the bacterial load for each treatment group.

See also Figure S4.
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Figure 6. Predicting New Antibiotic Candidates from Unprecedented Chemical Libraries
(A) Tranches of the ZINC15 database colored based on the proportion of hits from the original training dataset of 2,335molecules within each tranche. Darker blue

tranches have a higher proportion of molecules that are growth inhibitory against E. coli. Yellow tranches are those selected for predictions.

(B) Histogram showing the number of ZINC15 molecules from selected tranches within a corresponding prediction score range.

(legend continued on next page)
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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

https://doi.org/10.1186/s12918-018-0669-4
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such as female markers like PVX_093600; as well as
male markers such as PVX_116610 (Additional file 4:
Table S3), indicating that there were mixed genders of
gametocytes developed from a single source of sporozo-
ite challenge. The transcriptional factor PvAP2-G is con-
sidered a master regulator and a specific marker for
early gametocyte production [17]. We are able to clearly
identify transcripts of PvAP2-G in 5 patients in the early
blood stage (Fig. 3a).
To validate our findings of gametocytogenesis expres-

sion signature in vivo, we analyzed an independently
generated, publicly available data set of ex vivo RNAseq
data from pooled infected patient blood [18]. To search
for relationships between expression levels and gameto-
cyte production, we classified the ex vivo P. vivax expres-
sion based on two transcriptome features in orthologous
genes of P. falciparum, namely, 1) Level of expression and
2) Specificity of gametocyte stage expression. We first
computed the average FPKM for each gene and converted
the values into a rank score from 0 to 100, with 100 repre-
senting the highest relative expression levels. Then we an-
alyzed the levels of gametocyte expression specificity by
calculating the ratio of sexual stage FPKM vs. asexual
stage FPKM, the higher values indicate higher levels of
sexual stage expression specificity. We found that the
gametocyte specific genes in fact are the highest expressed
genes in the ex vivo data (Fig. 3b). The top quartile of
most highly expressed genes in the ex vivo data consists of
more than 40% of gametocyte specific genes. The ex vivo
data has even stronger gametocyte expression pattern
than that of the early in vivo data (Additional file 1:
Figure S4). The ex vivo enhanced gametocyte induc-
tion could be due to the abiotic stress of the culture

conditions [19]. By analyzing the precise peak expres-
sion time in the ex vivo expression data set, we found
that gametocyte specific genes are mostly expressed
in late schizont/early ring stage, despite the fact that
these stages have the lowest number peak expression
genes (Additional file 1: Figure S5 A B). P. falciparum
and P. vivax appear to share a pattern in which com-
mitment to gametocyte development occurs in the
schizont stage [20]. The ex vivo analysis strongly sup-
ports our in vivo analysis, that P. vivax parasitemia is
associated with commitment to gametocytemia.
We next compared our in vivo P. vivax analysis with

that of P. falciparum. Similar to P. vivax analysis, we
have identified the top 20 transcripts associated with
parasitemia from 116 whole blood samples of P. falcip-
arum infected patients (data deposited in the publication
by Yamagishi, et al., [21] (Fig. 4a, b). We defined these
markers by searching for the gene expression levels that
are most strongly associated in Spearman correlations
with the levels of P. falciparum parasitemia among over
5000 unique transcripts. We found that in contrast to P.
vivax parasitemia markers, P. falciparum parasitemia
driven genes have peak expression only in the merozo-
ite/early ring stages and many of them are associated
with protein export as PEXEL containing proteins. None
of the top P. falciparum parasitemia markers are gam-
etocyte related in terms of peak expression pattern.
The differences between in vivo P. vivax and P. falcip-

arum expression in relation to gametocytogenesis is twofold
as revealed by our analysis. First, P. vivax has gametocyte
specific gene expressions correlated with parasitemia levels
in this in vivo data set. Secondly, P. vivax’s most abundant
in vivo and ex vivo transcripts include gametocyte specific

Fig. 3 Discovering gametocyte signatures from early P. vivax in vivo RNAseq. a Five patients showed expression of PvAP2-G, a master regulator of
Plasmodium gametocyte production. The numbers on the plot represent de-identified patient numbers. b Gametocyte specific genes are the
most highly expressed genes in ex vivo P. vivax RNAseq transcriptomes. The x axis refers to the ratio of FPKM levels for sexual to asexual stages
gene expressions. The top quartile of most highly expressed genes (Normalized rank score > =75) in the ex vivo data consisted of more than 40%
of gametocyte specific genes

Adapa et al. BMC Systems Biology            (2019) 13:5 Page 5 of 12
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genes (Additional file 1: Figure S4). For P. falciparum, nei-
ther parasitemia correlations nor high gene expression levels
show strong associations with sexual commitments.
Although P. falciparum in vivo data do contain some
sexual stage gene transcripts, the expression levels are
much lower as compared to P. falciparum merozoite/
ring stage gene expressions levels.
Therefore, we conclude that the two malaria parasites

in vivo pathogenesis show distinct patterns. P. falcip-
arum parasitemia is likely to be more associated with
asexual cycle protein export and host red blood cell re-
modelling; whereas P. vivax shows clear gametocyte ex-
pression signatures from the first blood stage cycle.

Mathematical modelling shows unique P. vivax transmission
pattern
P. vivax has unique biology with respect to its popula-
tion dynamics, such as hypnozoite formations and dis-
ease relapses. Our finding of potential early transmission
adds another important aspect to its population dynam-
ics. To evaluate these different parameters' impact on
disease transmission, we performed a sensitivity analysis
of the effect of different components of P. vivax disease
spread (Fig. 5). The most influential parameter on rela-
tive R0, the basic reproductive number of the disease, is
k2, which determines the proportion of human hosts
that recover with hypnozoites, and hence the possibility
of relapse. It causes R0 for P. vivax to vary from less than
2.1 to over 2.5 times the values for P. falciparum (set to
1, when p = 1, where p is the proportion of P. falciparum
hosts that are symptomatic). The second most influential
parameter on changes in relative R0 is !, the reduction in
the length of the incubation period. When there is no

difference between P. falciparum and P. vivax, that is !
is 0 days, R0 is lowered to less than 2.2. However, when
the incubation period is shortened for P. vivax by ! = 7
days, as we expect from our experimental results, R0 is
2.4. Therefore, if the reduction in incubation time is not
considered, mathematical models could miscalculate R0,
underestimating it by approximately 11%. Parameters "
and #, the rate of relapse and the rate of hypnozoite
death in the liver respectively, are also influential in de-
termining the value of R0, as are the parameters related
to proportion of hosts that show symptoms, p and k3.
Varying p from 1 to 0 increases the number of asymp-
tomatic hosts in both P. falciparum and P. vivax. Even
though k3 = 1 in this scenario and, therefore, there are
exactly the same proportions of asymptomatic cases in
both diseases, this change in p leads to a reduction in
the relative value of R0 for P. vivax. This is because it in-
creases R0 for P. falciparum proportionally more than it
increases R0 for P. vivax (the actual increases are ap-
proximately the same but P. falciparum has a lower ini-
tial value). Therefore, the role of asymptomatic hosts in
malaria generally leads to increased R0 equally for the
two diseases. However, the difference in R0 is larger (i.e.
R0 is more sensitive) when k3 is varied compared to p.
This indicates that it is necessary to understand the like-
lihood of asymptomatic cases in P. vivax compared to P.
falciparum to accurately predict differences in disease
spread. The influence of these parameters highlights the
importance of understanding the role of the asymptom-
atic stage correctly.
We further explore the role of the reduction in the in-

cubation period length in Additional file 1: Figure S6,
which shows the effect of not including relapses in the

A B

Fig. 4 Comparison of P. falciparum and P. vivax in vivo transcriptomes. Top ranked markers that correlated with the levels of parasitemia are used
for plotting. The top ranked parasitemia markers in P. falciparum are derived from 116 patients’ in vivo infection data. And the top ranked parasitemia
markers in P. vivax are from 12 in vivo early infection data. a Exported protein proportions in P. falciparum and P. vivax. Exported proteins are defined
as PlamsoDBv27 PEXEL containing proteins; and they are likely be involved in host cell remodelling. b Life cycle peak expression markers in
P. falciparum and P. vivax. The peak expression patterns are assigned with all differentially expressed genes in 7 stages when there are
more than 2-fold difference between stages

Adapa et al. BMC Systems Biology            (2019) 13:5 Page 6 of 12
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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

https://doi.org/10.1016/j.chom.2019.07.008
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(43.2%) non-singletons (Figure 2B). On average, 2.9% of the
genes in each sample were singletons (standard devia-
tion m3.5%).
We carried out substantial analysis on synthetic and real

data with different assemblers and parameters to determine
if singleton genes were artifacts of our analytic pipeline or
false positive or short or low coverage genes. We found that
singletons had modest associations with false positive genes,
low coverage genes or contigs, short genes or contigs, or
particular assemblers or assembly parameters compared
with non-singletons. (Table S2; Figures S1–S3). We addition-
ally sought to determine whether prior gene catalog analyses
contained singletons and found that the Metahit Integrated
Gene Catalog (Li et al., 2014) contained is 46% singletons
(out of a total of 9.9 million genes) (Figure S3F). Second, we

tested whether singleton identification could be explained by
low depth of sequencing. If that were universally true, single-
tons could be present in many samples just below the
threshold of detection by assembly. We were unable to iden-
tify a strong correlation (Spearman correlation: 0.22, p < .05)
between total read count and singleton gene count within a
sample (Figures S3G–S3J), implying depth alone is not driving
singleton presence. Finally, to confirm whether the parameters
for our choice of assembler, MEGAHIT, was supported by the
literature, we reviewed every study (n = 99, 67 of which we had
access to and were not dissertations or books) currently citing
the MEGAHIT publication and determined similar projects
used the same assembly settings (Table S3).
We next relaxed the gene catalog clustering identity threshold

to determine if ORFans (singletons) were artifacts of high percent

B

A C

D

F G H I J

K

E

Figure 1. Meta-analysis of the Oral and Gut Microbiomes
(A and B) We aggregated publicly available oral and gut short read data and assembled it into contigs (in this example, each contig comes from a single sample).

(C) Gene open-reading-frames (ORFs) are identified on assembled contigs.

(D) ORFs are clustered at 95% identity to identify a non-redundant gene catalog.

(E) Database content, description of backend, description of user interface (UI).

(F–K) Downstream singleton analytical pipeline. In (F), we identify singletons and non-singletons in our dataset and in (G) compare their functional annotations. In

(H), we then map genes to contigs, which we grouped into 3 categories: singleton-contigs (those consisting of only singletons), non-singleton contigs (those

consisting of only non-singletons), andmixture contigs (those consisting of both singletons and non-singletons). In (I), we filter short contigs and bin the remainder

according to the taxonomic classification of their gene content. We then attempted to identify the source of singletons as either (J) horizontal gene transfer (HGT)

and/or (K) rare, singleton-rich microbial strains.

Cell Host & Microbe 26, 283–295, August 14, 2019 285
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identities (Figure 2C). To circumvent computational limitations of
clustering in nucleic acid space, we first translated the nucleic
acid catalog to amino acids and lowered the clustering threshold
from 100% amino acid identity to the limit of reasonable compu-
tational feasibility, 50% identity. Although the catalog size shrank
with the lower identity thresholds as expected, the fraction of
singleton genes in the catalog remained approximately constant,
particularly at lower percent identities, reflecting that the high
proportion of singleton genes was not influenced by clustering
thresholds. At 50% identity, the oral microbiome gene catalog
contained 7,842,539 consensus genes, 3,255,115 (41.5%) of
which were singletons (compared with 10,465,169 genes,
49.9% singletons, in the gut) (Figure 2D).

Notably, although the oral gene catalog was larger at 95%
nucleotide identity and containedmore singletons, it was smaller
than the gut catalog (and contained fewer singletons) at 50%
identity, implying overall lesser overall sequence variation at
low percent identities in the former than the latter. For the
remainder of this manuscript, singleton, and non-singleton
genes will refer to those generated at the 50% clustering level,
unless otherwise specified.

We next sought to determine whether subjects (human hosts)
with similar reference-based species content, which we identi-
fied using MetaPhlAn2, also had similar genetic content. We
found this not to be the case. Using Sorensen-Dice dissimilarity
(where 0 is identical and 1 is most dissimilar), we found that the
human microbiome exhibits more inter-individual similarity of
overall species content (mean Sorensen-Dice oral = 0.43,
mean Sorensen-Dice gut = 0.60) (Figure 2E) versus that of genes
(mean Sorensen-Dice oral = 0.85, mean Sorensen-Dice gut =
0.95) (Figure 2F). Moreover, we found that most samples were
equally dissimilar from each other, and the presence of single-
tons could not be explained by a few completely distinct sam-
ples in our dataset. Lastly, while genetic content varied between
samples, singleton genes were evenly distributed throughout the
sample population (Figures S3G and S3H; Table S1).

Singletons Are Functionally and Taxonomically Distinct
from Non-singletons
Further, we collapsed each gene annotated with EC numbers
(Bairoch, 2000) from Prokka into Minpath (Ye and Doak, 2009)
annotations. Overall, 12.8% of singletons in the mouth and
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Figure 2. The Genetic Diversity of the Oral and Gut Microbiomes
(A) The overlap in genetic content (95% identity level) between the oral and gut microbiomes.

(B) Distribution of ORF cluster sizes at 95% identity in our oral (blue) and gut (red) gene catalogs.

(C) Iterative clustering of our amino acid gene catalogs.

(D) Distribution of gene cluster sizes for amino acid gene catalogs generated at the 50% identity level.

(E) Sorensen-Dice index measuring dissimilarity in gene content between all pairs of individuals.

(F) Sorensen-Dice dissimilarity of individuals in terms of MetaPhlAn2-derived species content.
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Clinical Genetics Health Disparities
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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. 

https://doi.org/10.1186/s12918-019-0700-4
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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)

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

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

https://doi.org/10.1093/jamia/ocz179
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rPheRS was elevated for underdocumented cases for all diseases,

and 33% of the 535 cases had rPheRS >95th percentile (Supplemen-

tary Table S7).

We found 32 CF patients who had EHR data before diagnosis.

The average age of diagnosis for these patients was 21 (range, 1-80)

years of age. They had an average of 24 (range, 3-167) clinic visits

before their diagnosis. Sixteen of the 32 patients had PheRS greater

than the 95th percentile before diagnosis at an average 886 days

before their diagnosis (range, 3-3689 days). Among the 10 patients

diagnosed as adults (!21 years of age), 80% had a PheRS in the

Figure 3. Precision @ K. Graphs of the precision for each disease tested at K"10, 100, 1000 and 10000. The table includes the combined percentages for each

map.

Table 4. ROC-AUC and PRC-AUC results

ROC-AUC PRC-AUC

HPO-phe HPO-ICD HPO-phe#lab HPO-ICD#lab HPO-phe HPO-ICD HPO-phe#lab HPO-ICD#lab

Achondroplasia 0.82 0.84 0.94 0.95a 0.007 0.029 0.009 0.031a

Alpha-1-antitrypsin deficiency 0.82 0.86 0.91 0.93a 0.005a 0.004 0.004 0.003

Cystic fibrosis 0.95 0.95 0.96 0.96 0.127 0.294 0.210 0.403a

Di George’s syndrome 0.96a 0.95 0.96 0.96 0.035 0.104a 0.027 0.075

Down syndrome 0.88 0.85 0.91a 0.90 0.056 0.080 0.083 0.121a

Duchenne muscular dystrophy 0.89 0.96 0.91 0.96a 0.009 0.014 0.011 0.016a

Fragile X syndrome 0.73 0.75a — — 0.001 0.002a — —

Hereditary hemochromatosis 0.65 0.69 0.84 0.85a 0.002 0.001 0.002a 0.002

Hereditary hemorrhagic telangiectasia 0.87 0.87 0.87a 0.87 0.012 0.015a 0.010 0.013

Marfan syndrome 0.89 0.91 0.90 0.92a 0.017 0.038 0.018 0.048a

Neurofibromatosis, type 1 0.77 0.78 0.77 0.78a 0.022 0.036a 0.021 0.035

Neurofibromatosis, type 2 0.91 0.93a — — 0.018 0.050a — —

Phenylketonuria 0.32 0.34 0.93a 0.93 0.000 0.000 0.001a 0.001

Polycythemia vera 0.81 0.75 0.90a 0.88 0.002 0.007 0.002a 0.003

Sickle cell anemia 0.88 0.93 0.93 0.95a 0.050 0.057 0.029 0.038a

Tuberous sclerosis 0.89 0.90a 0.89 0.90 0.036 0.060a 0.034 0.058

Best 1 3 5 7 1 6 3 6

AUC: area under the curve; PRC: precision-recall curve; ROC: receiver-operating characteristic.
aHighest value among the 4 methods tested.

Journal of the American Medical Informatics Association, 2019, Vol. 26, No. 12 1443
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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.

https://doi.org/10.1101/714113 
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COVID-19
Highlights from research papers and datasets published since January 2020



January
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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)

• 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.”

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

January 24, 2020





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

• 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 bat-
derived (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.

https://doi.org/10.1016/S0140-6736(20)30251-8

January 30, 2020



Figure 2Sequence identity between the consensus of 2019-nCoV and representative betacoronavirus genomes

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)





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

• 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.

https://doi.org/10.1016/j.chom.2020.02.001

February 7, 2020



Genome 
composition 
and 
phylogenetic 
tree for 2019-
nCoV

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



Amino Acid 
Substitutions 
of 2019-nCoV 
against SARS 
and SARS-
like Viruses
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Feasibility of controlling COVID-19 outbreaks by isolation of 
cases and contacts (Hellewell et al, The Lancet)

• 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. 

https://doi.org/10.1016/S2214-109X(20)30074-7

February 28, 2020



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



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.

(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.

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



Short = 3.43 days
Long = 8.09 days

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



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

• 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.

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

March 11, 2020



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.

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



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.



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



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

• 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.

https://doi.org/10.1016/S1473-3099(20)30144-4

March 11, 2020



Data/Code: https://github.com/adamkucharski/2020-ncov/
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The establishment of reference sequence for SARS-CoV-2 and 
variation analysis (Wang et al, Journal of Medical Virology)

• 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.

https://doi.org/10.1002/jmv.25762

March 13, 2020



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

• 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. 

https://doi.org/10.1126/science.abb3221

March 16, 2020



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

https://science.sciencemag.org/content/early/2020/03/13/science.abb3221#T1
https://science.sciencemag.org/content/early/2020/03/13/science.abb3221#T1
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.

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

https://science.sciencemag.org/content/suppl/2020/03/13/science.abb3221.DC1
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The proximal origin of SARS-CoV-2 (Anderson et al, Nature 
Medicine)

• 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. 

https://t.co/MMEIeUkvpo?amp=1

March 17, 2020



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-CoV-
like 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 SARS-
CoV-2 and were not previously seen in lineage B 
betacoronaviruses.
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Homology Modeling of TMPRSS2 Yields Candidate Drugs That May 
Inhibit Entry of SARS-CoV-2 into Human Cells (Rensi et al, ChemRxiv)

• 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

19.03.2020, 23:07

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

• 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; small-
molecule 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

10.1126/science.abb3405

March 20, 2020
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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

Crowdfight COVID-19 Crowdsourcing This is a service for researchers to crowdsource help in the fight against COVID-19 http://crowdfightcovid19.org

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

GitHub COVID-19 Review Data & Analysis
GitHub repository for manuscripts on the development of diagnostics and therapeutics, 
looking for contributors https://github.com/greenelab/covid19-review/

Financial Times Live Visualization Data & Analysis
Excellent visualizations on the trajectory of the virus, including country-by-country 
comparisons https://www.ft.com/coronavirus-latest

Semantic Scholar Open Research 
Dataset Data & Analysis Free access to 44,000 coronavirus and COVID-19 research articles

https://pages.semanticscholar.org/coronavirus-
research

WHO Database Data & Analysis WHO's searchable Global research on coronavirus disease (COVID-19)

https://www.who.int/emergencies/diseases/novel-
coronavirus-2019/global-research-on-novel-
coronavirus-2019-ncov

UCSF COVID Paper Database Data & Analysis Lit scan and aggreation of 1300 COVID-19 papers
https://ucsf.app.box.com/s/
2laxq0v00zg2ope9jppsqtnv1mtxd52z

COVID-10 Phenomics Data & Analysis
Phenotyping algorithms for defining COVID-19 related phenotypes in UK electronic health 
records data https://covid19-phenomics.org

OHDSI COVID-19 Data & Analysis
Bringing the power of the international network to fight COVID-19 through data aggregation 
and analysis http://ohdsi.org

GitHub JHU CSSE Data Repository 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) https://github.com/CSSEGISandData/COVID-19

Johns Hopkins Medicine POC Guide Guide Web resource with regularly-updated general data and links to additional information

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

Volunteering opportunities

http://crowdfightcovid19.org/
https://www.data-against-covid.org/
https://covid-19.dnastack.com/
https://github.com/greenelab/covid19-review/
https://www.ft.com/coronavirus-latest
https://pages.semanticscholar.org/coronavirus-research
https://www.who.int/emergencies/diseases/novel-coronavirus-2019/global-research-on-novel-coronavirus-2019-ncov
https://ucsf.app.box.com/s/2laxq0v00zg2ope9jppsqtnv1mtxd52z
https://covid19-phenomics.org
http://ohdsi.org
https://github.com/CSSEGISandData/COVID-19
https://www.hopkinsguides.com/hopkins/view/Johns_Hopkins_ABX_Guide/540747/all/Coronavirus_COVID_19__SARS_CoV_2_
https://www.kaggle.com/allen-institute-for-ai/CORD-19-research-challenge
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http://covidwatcher.dbmi.columbia.edu
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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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nickandnoah.com
Order yours at

Cybil Noah

http://nickandnoah.com

