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LET’S TALK CLIMATE CHANGE! 3

Effect of current pledges and policies

Global greenhouse gas emissions

¢ C | I m ate C h a n g e Saiggtoonngﬁi%fe Projections
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No climate
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« Still the biggest existential threat facing humanity
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« "Flattening the Carbon Curve”

Historical
emissions

e Alternative:

* Bush fires, Hurricanes, Droughts oo st s aoe  scmo 100
Source: Carbon Action Tracker Vm
* Loss of biodiversity, infectious diseases, chronic health risks

« Food security, socio-economic instability, amplified disparities

HUIVIAN

Inevitable Preventable

DISEASE
OUTBREAKS

4 PANDEMICS

fiii UNIVERSITY,/VIRGINIA

BIOCOMPLEXITY INSTITUTE



A BRIEF TIMELINE OF COVID-19 ’

First documented First known travel-related  First confirmed case Total cases, deaths outside China  Global confirmed cases Total cases in India
hospital admission case arrival in US in Africa (Egypt) more than in China reach 2 million exceed China

‘Dec1é ‘Jan15 ‘FebM ‘Apr15 II\/Ia 16
lDec1 lDec 31 \Jan 31 JFeb 28 lApr 30 May 26

Index case First international First confirmed cases First confirmed death First country with First country with US reaches 100K deaths;
symptom onset notice (WHO) UK, Russia in US (Washington) over 100K cases (ltaly) over TM cases (US) Brazil reaches 200K

active cases;

Why it became a pandemic?

> Novelty: All humans are susceptible; Delay in diagnostics;

> Transmissibility: Silent spreaders; Multiple modes;

> Connectivity: Dense population; Global travel;

Socio-political response Scientific response Technological response
* Unprecedented lockdowns ° 16000+ scientific artiC|eS; e Contact tracing apps across

- Wuhan (Jan 23) 6000+ on preprint servers countries and platforms

” lt?-:y|(fM?L9) v (Aor 3) between Jan and Apr 2020

- ~Half of humani r

yARP . « Telework/Remote learning
. 92 will < aliof * 161 vaccine and therapy becomes the norm than
trillion economic relie candidates in R&D pipeline exception
package in the United States (mid-April)
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PLETHORA OF DATASETS 5

U.S. Daily Completed Tests

Numbers reported by state authorities as of May 25, 4pm ET

> Case data, line lists: Official sources, Crowdsourced repos, -
oo Toring e Reral i dra YA .."l.mn|.m|mmmm)||||m|>|||n
aentlll

100,000

Mar. 1 Apr. 1 May. 1
Note: Data gathered from state and territorial health departments
Source: The COVID Tracking Project

> Mobility indices: Google, Cuebiqg, Facebook E= &

Our Methodology
Genomic epidemiology of novel coronavirus - Global subsampling
s ) i the N in team, i

> Genomic data: GISAID, NextStrain =

CORD 19 clusterlng %N E, K-Means)
o ,9{5

» COVID-19 literature: Parameter estimates, CORD- 1¢

VIDcast
B Delphi Research Group
Real-time COVID-19 Indicators

Offcaimpores:  Conn 0 Das s
Combination of COVID-19 indicators

> Social media: Twitter, Search trends, Participatory s
surveillance (COVIDcast)
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EMPHASIS ON MODELS i

> Infectious disease models have been under scrutiny like never
betfore

Where The Latest COVID-19 Models Think We're Headed — And g
Why They Disagree }

FiveThirtyEight - 25 days ago

> Models guide social distancing measures and public policies

How COVID-19 models have changed behaviour and pandemic
data

World Economic Forum - 14 days ago

» Concepts like Herd immunity and ‘Flatten the Curve’ become
part of public discourse.

How ‘Flatten The Curve’ Is On Its Way To Become A Historic Disease
Image
Forbes - Apr 29
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COMPUTATIONAL MODELS '

Requires large datasets, often homogeneous Can work with small datasets coming from
linked records diverse sources

Predictive model

vA g
<‘>
P

Machine learnin

modeling principles from data

synthetic data from models

+ﬂ Mechanistic models | ‘

Deductive model

Baker, Ruth E., et al. "Mechanistic models versus machine learning, a fight worth fighting for the biological community?." Biology letters 14.5 (2018): 20170660.
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DISEASE MODELS PRIMER

= RIS —~I
- v Y

Early insights into controlling the disease spread

SIR model - proposed in 1927 by Kermack and McKendrick
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T
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B - transmission/mixing rate
1/y - mean infectious period

 Social distancing, Better protection = reduce mixing/transmission rate

« Testing and Case isolation = lower infectious period

 Homogeneous assumption - misses network effects
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Source: Chen et al., Networked Epidemiology for COVID-19, to appear in SIAM News

1

i UNIVERSITY,/ VIRGINIA

BIOCOMPLEXITY INSTITUTE



MODELING FOR PHASES OF A PANDEMIC

« Early phase

* Risk of emergence (international travel)

* Epi- and clinical parameter estimation

* Pre-peak phase

* How long to peak? How many cases?

e When will healthcare resources be exceeded?

* |nterventions

«  What-If analyses on potential interventions

* How have past interventions worked?

e When to lift interventions? What next?

Multiple waves (Left: 1918 ‘Spanish flu’; Right: 2009 H1N1 pandemic in US)
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DATA AND MODELING CHALLENGES "’

5V’'s: Volume, Velocity, Veracity, Variety, Value

> How to handle the amount of data being generated, both in terms of magnitude
and rate of change?

> How to verity and track the provenance of different datasets?
> How to integrate the varied datasets into a coherent view of the system?

> How to use the data meaningfully to guide decision-making?

COVID-19

Source: The Little Prince (1943)

With four parameters | can fit an elephant, and
with five | can make him wiggle his trunk. —John
Von Neumann
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OUR INVOLVEMENT - DATA 1

Surveillance dashboard Social distancing survey

e @

https://nssac.bii.virginia.edu/covid-19/dashboard/ https://socialdistancing.stanford.edu/

Population contact rates by age and county

Number of Contacts

107

-10°%

20-24
30-34 -
55-59
60-64 -
65-69
70+

15-19 -
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OUR INVOLVEMENT - MODELS

Official modeling support for Virginia, DoD

Virginia - Daily Confirmed cases - Comparison

12

Early international risk assessment
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NETWORK BASED MODELS .

Spatial heterogeneity

« County level metapopulation model for US

« Captures aggregate connectivity and mixing

s o
Datasets

EER

H | 2

[ | ll

L o Patch Historical Historical
Commuterflow) | Airline flow populations ) linfluenza data vaccine data
Calibration
Travel module
module
\ 4 ¢ \ 4 Y

Seeding Disease model Vaccine Vaccine
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Ten*llporal r _|
travel matrix
L]

Disease dynamics module > Optimization module

A > S

Initial State (T)

Effective population Disease Dynamics Updated State (T+1)

S—E—I—R

Social heterogeneity

* Individual level agent-based model

 Realistic activity schedules and social contact

POPULATION INFORMATION CENSUS POPULATION

(

GEQGRAPHICAL INFORMATION

EEEN

" SYNTHETIC POPULATION (' SOCIAL CONTACT NETWORK | PEOPLE-LOCATION NETWORK
Demographici popul ities, activity surveys and oth Using par i ivity 3 The computatianal model allows us to assign people to
data sources are fused by modeling and computation to constructa we can infer contacts and their durations. From this we lacations with durations of visit and through th

_ representation of the actual population and the people interactions. infer the social contact network. ) . determine their contacts and interactions.

h_MedAttend d_MedAttend

s Medical Care Medical Care
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) nfectious|

r_MedAttend
Medical Care Sought
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Hypothetical
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failure
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Recovered permanently
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Venkatramanan, Srinivasan, et al. "Optimizing spatial allocation of seasonal influenza vaccine under temporal constraints." PLoS computational biology 15.9 (2019): e1007111.

Venkatramanan, Srinivasan, et al. "Using data-driven agent-based models for forecasting emerging infectious diseases." Epidemics 22 (2018): 43-49.
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ABDUCTIVE APPROACH - HUMAN IN THE *

LOOP
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CALIBRATING MECHANISTIC MODELS s

OPTIMIZATION FRAMEWORK

Calibrating to real world data is challenging i SMUATED REPUCATES (1) oserveo o)
%: o W LOSSLF(g:;.)TION ( !5 J
« Data is noisy and inconsistent — i Z J T L i
6, A e
+ Stochasticity - Observing one instance . [ o
AGENT BASED SF.NII{ULATION ‘
* Models can't explain everything | E £
EPIDEMIC FORECAST
> (__ it eomtieons V,\
nursing home outbreaks, racial disparities S i i | = §
S B e g - e
o Y
« Known unknowns (asymptomatic infections) ! = )|
. .o o . BAYESIAN FRAMEWORK
« Parameter identifiability (case fatality rate, ( —————— 3
reprOd uCt|On numbe r) 8 LHSEXPERIMENTDESIGN\ //ﬁc; /,.:/4‘/\ OBSERVED EPICURVE (X)
EpsDE — Syt el /|| LKeuHOOD N
1 Y [ /”E‘/f/’/‘;?::" FUNCTION
A | | a2
: e | | 222 -
> Leverage allied data streams PR, | | 2R i
<t~ T R+ Ay v g /

DL Sampling &

» Choose models with interpretability
> Quantifying uncertainty in projections
» Compare and contrast multiple models W [ e J [ AR }
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Venkatramanan, Srinivasan, et al. "Using data-driven agent-based models for forecasting emerging infectious diseases." Epidemics 22 (2018): 43-49.
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FRONTIERS 16

» Latent relationships and anomaly detection

STATISTICS « Missing data; Discrepancy modeling

* Uncertainty quantification; Model ensembles

Modeling coupled co-evolving complex systems

Behavior — Information — Epidemics; Info-demics. MODELING

Socio-economic cascades; Socio-political epidemiology

Control theoretic view; Feedback systems

Seamless flow from data ingestion to simulation analytics

* Robust pipelines using cloud infrastructure

COMPUTING

 Privacy preserving computations on-device

Common collaborative platforms; Al for assisting teams;
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BIOCOMPLEXITY INSTITUTE



LESSONS (BEING) LEARNT 17

> Ensembling approaches prevail over others

» Theory guided Data science (TGDS) bridges the domain experts and
data scientists

> Human in the loop is unavoidable. Wisdom of (expert) crowd:s.

» Data summarization (visualizations) is key to make decisions (or even
make sense of the data)

» Team Science is essential to address real-world problems. Rethinking
credit sharing practices.

> Open source environment (papers, code, data) accelerates research
and ensures reproducibility. Incentive mechanisms!

> Automated pipelines must be built with scalability, robustness,
development and testing in mind.

> Translational research: Start from the problem. Not from the data.
From papers to practice.
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WAY FORWARD

Pandemic far from over; Multiple waves likely

18

Impact of weather unclear; May not help reduce overall burden

Test, trace and isolate still the best way to avoid lockdowns until

pharmaceutical interventions

Global epidemics are becoming increasingly common;

There are no individual experts; Emphasize on evidence-based

decision making;

Sustained efforts needed now and beyond (during peacetime);

Centers for Forecasting and Responding to Epidemics
(similar to hurricane center);
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QUESTIONS

srini@virginia.edu
@sriniv_venkat

https://biocomplexity.virginia.edu/
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