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Introduction

* Since December 2019, over 24,000 research papers from peer-reviewed
journals as well as sources like medRxiv are available online (April 25th).

o

* Risk assessment
* Screening and diagnosis

* Simulation and modelling

* Contact tracing

* Understanding social interventions

* Logistical planning
* Automated patient care

* Supporting vaccine and therapy development
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Data science, defined broadly, will play a central role in the global
response to the COVID-19 pandemic.”
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Challenges

* Data availability: for medical images and textual analysis, these
datasets are small compared to the requirements of deep learning
models. For example, in the case of biomedical data, sample sizes
range from a few up to 60 patients.

* The scarcity of measured data is frequently due to the distributed
nature of many data sources. For example, electronic healthcare
records are often segregated on a national, regional, or even per-
hospital level. A key challenge is therefore federating these sources,
and overcoming practical differences across each source.

* A key challenge is balancing exigency vs. the need for well-evidenced
and reproducible results that can inform policy. Important to capture
(and communicate) uncertainty.
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Challenges

* Balancing exigency vs. the need for well-
evidenced and reproducible results that can
inform policy. Important to capture (and
communicate) uncertainty.

* Security, privacy and ethics; e.g. debate in UK
over tracking apps vs. South Korea

* Need for multidisciplinary collaboration

& [ University of
AL BRISTOL

s

All deaths registered March 21-27
Proportion that involve Covid is higher for men
No systematic relationship with age
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https://medium.com/wintoncentre/does-covid-raise-everyones-
relative-risk-of-dying-by-a-similar-amount-more-evidence-
e7d30abf6821
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Information Visualisation

Flattening the curve
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Visualisation: topological data analysis

M 145-<155

M 135-<145

* Ball Mapper is a means of representing complex and =§§§§§
high dimensional data sets as abstract graphs. g <105
75-<85

* BM graphs are constructed by covering the gl
considered data set with a collection of overlapping s

balls of a radius €. Central points of each ball are 54539;
referred to as landmarks, the number of landmarks ¥
being a function of the density of the data and the

choice of €.

* Where there are points in the intersection of two balls
those balls are connected by an edge on the graph.
Numbers of points covered by a ball guide its size in
the graph.

* Applied to UK regions: 6 variables (economic and - < B8
pOpUIatlon denSitY)' COVID_19 Cases per day up to Source: EQrc;staltabledemcfrﬁp}anaggﬂ (2019).h\ihfrs;bdsrg (2015).
17/04 — proportion used to colour nodes
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Geographic distribution of sentiment

* Sentiment analysis of Twitter to reveal ‘situational
awareness’ (cf. wildfires)

* Negative sentiments not necessarily well correlated with
hotspots.

* Followed up by word clouds (not very informative) and
N-grams

Heqgative Sentiment In Tweels by Stata, USA Fear Sentiment in Twests by Stabe, LISA

(a) Negative sentiment. (b) Fear sentiment.
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Deep Sentiment Classification and Topic Discovery

COVID- 19 sub-reddits

* 563,079 COVID-19—related comments from reddit. The
dataset was collected between January 20, 2020 and P R
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Response to lifting restrictions

* Sentiment analysis of Twitter to in terms of response to lifting lockdown restrictions

* From April 12t 2020 to April 215t 2020, a total of 208,220 tweets were scored and analyzed, this total
number of tweets is growing daily as new tweets come in. The tweets are analyzed (sentiment scored) in
real time and aggregated hourly.

* The scored tweets are not country specific but are captured globally, the reason being that less than 1-2%
of Tweets are geo-tagged.

* Live dashboard https://dashboardliftrestriction.z6.web.core.windows.net/

* Of limited value since countries are at such different stages of the pandemic (and have imposed different
restrictions).

Trend Details
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https://dashboardliftrestriction.z6.web.core.windows.net/

Kmeans DBSCAN

HAC

Meta-research on scientific papers

* One-class SVM for clustering and classification
on COVID-19 open research dataset (CORD-19:
45,000 articles on corona virus). Nine defined

target topics.

UMAP

* Hierarchical topic

visualization: Latent Dirichlet
Allocation (LDA — see JP
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http://strategicfutures.org/TopicMaps/COVID-19/dimensions.html

Visualising Research Il

* Unprecedented social
distancing

* Responding to a new
disease

* Finding relevant work
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First thoughts

* A paper written one month ago ‘classical’, ‘old’, ...
* Lack of definitive data nationally and internationally — cases, deaths, ...

* Epidemiological models not always publicly available (UK model on
github — but led to concerns about software engineering)

* Lots of analysis of social media data and scientific papers (now there’s
a surprise)
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* Humility and responsibility: what we write/visualise needs to be clear
and accurate (and we must state the uncertainties). There is a lot
more hanging on the conclusions than an academic reputation.

YOURE TRYING TO PREDICT THE BEHAVIOR
OF ? JUST MODEL
ITAS A > AND THEN ADD
SOME. SECONDARY TERMS To ACCOUNT RR

\
EASY, RIGHT?
)

S0, WHY DOES NEED
A WHOLE JToURNAL, ANYWAY?

THIS 15 YOUR MACHINE (EARNING SYSTETM?

YUP! YoU POUR THE DATA INTO THIS BIG
PILE OF UNEAR ALGEBRA, THEN COLLECT
THE ANSLJERS ON THE OTHER SIDE.

WHAT IF THE ANSLIERS ARE. WJRONG? )

JUST STIR THE PILE. UNTIL
THEY START LOOKING RIGHT.

2.

LIBERAL-ARTS MAJORS MAY BE ANNOYING SOMETMES,
BUT THERES NOTHNVG MORE OBNOXIOUS THAN

P PHYSICIST FIRST ENCOUNTERING A NEW SUBJECT.
https://xkcd.com/793/
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