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Contact-tracing-
quarantine 
technologies
Border control, pre-vaccine
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Various data streams needed to 
support pandemic response
● Border control (air, cruises, land)

– TOCC: travel history; occupation; contacts; clusters

● Public health data in central/local governments for contact, tracing and quarantine
– Symptoms data collected in workplace and school 
– Medical records for doctor’s offices and hospitals
– Laboratory data to support medical decision making

● Data to managing healthcare capacity and assets
– Hospitals rooms/ICU/respirators
– Healthcare personnel
– PPEs (e.g., masks, gloves, shields, clothing for healthcare workers)
– Testing capacity (PCR, rapid antigen tests)



4

Challenges of data gathering and 
integration

• Various reporting needs: patients, physicians in hospital/clinic, schools, buses, health 
department, CDC.
– Trust and participation
– Timeliness
– Interoperability of data systems: C-CDA (consolidated clinical document 

architecture); FHIR (fast healthcare interoperability resources)

• Interoperability 
– Information and data transfer 
– timely analysis 
– decision making

• Law and jurisdictions
– International and interstate/interprovincial collaboration 

• trust building, need better framework to optimize global health
– Confusing laws and jurisdiction
– Ethical issues on use of data

MM Mello, CJ Wang, Science. Doi: 10.1126/science.abb9045 (2020).
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Taiwan: Linked datasets for data analytics
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Taiwan: Doctors alerted at point of care
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Digital epidemiology with consumer 
technology
• New data sources: 

– cellphones (GPS); wearables (blue tooth); 
– video surveillance; 
– social media; 
– QR codes in shops; 
– Crowd sourced: internet searches and news; traffic data; symptoms self reports; 

pharmacy sales
• Ethical considerations: 

– unethical not to use available data; 
– ethically justifiable but ethically obligatory when disease severity is high? But how?
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Google-Apple Exposure Notification 
(GAEN) with Bluetooth

Pros Cons
 Allows for more thorough and timely contact 

tracing than manual contact tracing
 Need early & wide-spread adoption to be 

effective
 People typically cannot recall or know 

everyone they have been in touch with for the 
last 2 weeks

 False alarm/ false reporting

 Allows gathering data they would not 
otherwise be able to (e.g., how long are 
people in contact with cases prior to getting 
sick)

 Data integration and regulatory issues 
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Contact-tracing app curbs the spread of 
COVID in England and Wales

Source: C. Jason Wang Nature | Vol 594 | 17 June 2021 
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Taiwan: Cellular 
signals + QR* 
based

Source: Tehilla Shwartz Altshuler Rachel Aridor Hershkovitz, Digital Contact Tracing And The Coronavirus: Israeli And Comparative Perspectives, 
Brookings Foreign Policy, August 2020

National Health* 
Code System
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Ethical Issues Raised
• Privacy: cellphone location and text data (cellular signal vs. GPS): 

– except for use of law enforcement, data not ordinarily used for tracking down and 
imposing consequences

• Autonomy: Asking for permission to access personal information; informed consent 
– contact tracing through cellular records: opt in; opt out; mandatory

• Equity concerns: 
– new data source can improve representation of some populations in epidemiologic 

analysis with availability of smart phones.
– disparities risk creating bias in new dataset (e.g., number of tests performed and positive 

test rate).
• Minimizing risk of errors:

– scope, speed and sources. 
– need correction mechanism for mistakes.

• Accountability: transparency; potential for misappropriation of data.

MM Mello, CJ Wang, Science. Doi: 10.1126/science.abb9045 (2020).
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Detection 
Technologies
New advancements and 
applications
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Improvements in sample analysis:
information, speed, convenience and 
population-based surveillance

Traditional
• Protein antigen tests: LFA (Later flow assays); ELIZA (Enzyme-linked Immunosorbent assays)
• Genetic materials tests: RT-PCR; NAAT (Nucleic Acid Amplification Tests); and RT-LAMP (reverse transcription loop mediated 

isothermal amplifications)
Information
• CRISPR (Clustered Regularly Interspaced Short Palindromic Repeats) gene editing tool, 

– target nucleic acid sequences of interest, can provide sensitivity on part to RT-PCR: 
– e.g., CARMEN, A rapid and sensitive miniaturized multiplexed CRISPR-Based diagnostic test uses microfluidic technology.
– Pairs of droplets for analysis
– Can test over 1,000 samples for single virus, or five samples for more than 150 viruses.

• Luminex essays: bead-based immunoassay: antibodies specific to their corresponding analyte
– Multiple beads as detection proteins; excited by lasers to determine the bead region 
– Quantification based on magnitude of the signal 

Speed
• Nanotechnology based biosensors: high sensitivity, low noise
• FET (field-effect transistor) based biosensors: speed and sensitivity comparable to PCR. 

– Conductance value after viral proteins of interest bind the FET’s graphene surface, changes surface charge distribution 
– Results in 20 minutes

Convenience
• freeze-dried synthetic biologic sensors in masks; 

– Reagents can be embedded into paper or textile – once come into contact with fluid, rehydrate and activated. Trigger a color change.
Population-based
• Wastewater surveillance
• Airborne surveillance
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Using movement data 
to predict pandemic 
surges
Rich Tsui, PhD, Mark Anderson, 
PhD, C. Jason Wang, MD, PhD
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Purpose/Aim: 
To develop and deploy a new GPS-based consumer technology tool for understanding pandemic 
spread to informing policy decisions and preparedness

Rationale:
• Aerosol and droplets are both important modes of transmission
• The data can be viewed in focus for a particular state, city, or zip code to inform local policy.

Hypothesis:  
• Venue density and dwell time (visit duration), and interaction between duration and density will 
have an impact on disease spread.

Method/Data
• Unacast data: Timestamped deidentified GPS-tagged location data from people’s mobile apps 

with venue geofences, visit time and estimated visit duration, for developing model for 
predicting infection spread

• Full COVID-19 vaccination rates from CDC
• Confirmed COVID-19 cases from CDC
• Machine learning with automated feature selection and mathematical derivation for candidate 

features vs. expert ad hoc feature selection based on theory

Study Purpose/Aim

© jasonwang.mdphd@gmail.com
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Our proprietary data engine uses 

sophisticated algorithms to cluster 

pings into groups that indicate human 

activity.

Cluster Types
● Dwell Events

● Travel Events

● Home (recurring dwell event 
overnight)

● Work (recurring dwell event 
during the day)

Activity Feed: Clustering (Unacast)
Define fixed areas

Dwell 
Event

Likely 
Dwell

Travel Event

Home

© jasonwang.mdphd@gmail.com
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Unacast location data is collected from a very 
large list of publishers/apps in the US mobile 
ecosystem. Unacast collects GPS data via SDKs 
within Mobile Apps & also through direct 
partnerships with Publishers & Mobile 
Applications. The location data is only collected & 
leveraged when the App is compliant with privacy 
regulations (i.e. CCPA, GDPR). This data is 
gathered, consolidated, and cleansed. All app 
partnerships are audited by our legal team, in 
order to ensure privacy compliance & proper data 
collection. 

Due to confidentiality agreements, we do not 
divulge app name information, however we are 
able to provide a full overview of the Data Supply 
Portfolio from a category perspective. Please refer 
to the list on the right.

App Category Distribution:
● News/Magazines: 28%
● Social Networking: 13%
● Entertainment/Games: 12%
● Tools: 11%
● Communications: 7%
● Video Players & Editors: 7%
● Finance: 6%
● Sports: 5%
● Business: 4%
● Dating: 4%
● Lifestyle: 3%

© jasonwang.mdphd@gmail.com

Location Data Sources (Unacast)
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© jasonwang.mdphd@gmail.com
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29%

24%

21%

6%

6%

3%
3%

2%1%1%1%1%1%0%0%0%

Retailers,  essential consumables/fuel

Bars and restaurants

Retailers‚ non-essential/repair and 
maintenance

Retailers‚ health and personal care stores

Accomodations‚ hotels, motels, B&B, 
boarding houses, dormitories, RV parks

Real estate, rental and leasing

Transportation‚ urban transit, commuter rail, 
busses, sightseeing, taxi, limousine, school 
and employee bus (transport of people)

Venue Class Distribution 

© jasonwang.mdphd@gmail.com
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Description of top 10 venue classes 
used

Examples of businesses within venue classes:
3. Personal Service Venues – Hair salon, tattoo 
parlor, massage center, nail salon, …

4. Full service restaurant

5. Limited service restaurant

6. Fitness – Fitness centers, gyms, recreational 
sports centers, …

7. Accommodations – Hotel, motel, B&B,…

8. Health Retail – Pharmacy, health 
supplements, optical, …

9. Consumables (grocery) and fuel
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California (West, Blue): 
Data-driven model with machine learning
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Florida (South East, Purple)
Data-driven model with machine learning
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Louisiana (South, Red)
Data-driven model with machine learning
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Minnesota (Mid West, Purple)
Data-driven model with machine learning
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New York (North East, Blue)
Data-driven model with machine learning
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Texas (South, Red)
Data-driven model with machine learning
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• Venue-based risk assessment can inform policy interventions and strategies for reopening
⎼ Can be used to predict future surges 3 weeks ahead of time (compared to waste- water 1 

week)
⎼ Allow hospital systems to prepare needed resources (beds, respirators, people)
⎼ Inform which venues should temporally close or be kept open.
⎼ Define allowable density level (point system to keep Rt <1)

• Limitations:
⎼ Unknown masking rate in the states studied, although residents of blue states 

(Democratic leaning) were more likely to have mask-wearing orders.
⎼ Unknown interaction between vaccination and self-protective actions (masking, hand 

washing, social distancing)
⎼ Unknown if GPS movement data would work in tall, large buildings in dense cities
⎼ Indoor vs. outdoor distinction (many restaurants have outdoors in warm climates)

Policy Implications

© jasonwang.mdphd@gmail.com
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Independent Variables Monitor and Adjust Dependent Variables

Inputs What and How to 
Reopen

Outputs

He
al

th
Ec

on
om

ic

Individual 
Health 
Risks

Health 
Beliefs

Social 
Environment

Regional 
Disease 

Prevalence

Relax 
Restrictions 

Add 
Protections

+

Risk-Based
Re-opening

Policies point 
system

Protective 
Actions taken 

Continuous quality 
improvement (CQI) to 

monitor Health Risks and 
readjust:

• Symptoms
• Rapid antigen tests/PCR
• Wastewater

High

Medium

Low

SEIR Model

• Hospitalizations 
@ 2 Weeks

• Deaths 
in 4 weeks

Government
Risk-Based
Re-opening

Policies point 
system 

Government 
Subsidies to 
industries

CQI to monitor 
Economic Recovery 

and readjust

High

Medium

Low

• Jobs recovery
• Local GDP recovery
• Distribution of 

recovery/disparities

Unemploy-
ment
Data

Geospatial
Data

Industry-
specific

Data

Regional 
Economic 

Status

Micro and 
Macroeconomic 

Models

Create safety bundles: 
Limit probability of transmission

Limit   number 
of contacts 

Assign points  constraint to get R<1What do we know What do we do How do we get there

© jasonwang.mdphd@gmail.com

Considerations for Reopening Society 
Lives and Livelihoods
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Thank you!
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https://alhill.shinyapps.io/COVID19seir/

© jasonwang.mdphd@gmail.com

Traditional SEIR Model does not account for 
Repeated Infections from variants and waning 
vaccine protection over time as seen in COVID-19

about:blank
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Comparison on methods of digital 
contact tracing in different countries

Source: Tehilla Shwartz Altshuler Rachel Aridor Hershkovitz, Digital Contact Tracing And The Coronavirus: Israeli And Comparative Perspectives,  Brookings Foreign Policy, August 2020
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[Cellular signal**]

Source: Tehilla Shwartz Altshuler Rachel Aridor Hershkovitz, Digital Contact Tracing And The Coronavirus: Israeli And Comparative Perspectives,  Brookings Foreign Policy, August 2020
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screening Diagnosis Management

• Asymptomatic 
Fever

• Cough
• Shortness of 

Breath
• Loss of 

Taste/Smell
• Chills
• Headache
• Vomiting/diarr

hea
• Sore throat
• Muscle pain
• Where in 

course of 
illness?

• Latency 
period

Symptoms 
& Signs

COVID-19 Workflow

• Order
• Collection 

(60-75% 
swab 
collection 
success 
rate

• Route
• Transport
• Safe 

handling & 
processing

Sampling
(Pre-
analytic)

• Triage
• Quarantine
• Insurance & 

payment
• +/-

Hospitalization
• Retesting
• Contact Tracing*

Contact 
Tracing &
Quarantine

• RT PCR
• Rapid Ag

Lab Tests for 
virus 
(Analytic)

Sensitivity
Specificity
Cost
Time to 
reporting

• Infectious?
• Susceptible?
• Ct, viral load
• Long COVID 

PASC 
symptoms

Recovery

• Ab tests 
IgM, IgG

• Immunity

Immunity 
Testing

• Safety
• Efficacy
• Delivery Route 

(IV vs. oral) 
• Cost of 

administration
• Time to market
• Cost
• Production
• Scale

Therapy Vaccine

• Develop
• Safe?
• Efficacious?
• Supply chain 

management
• Production 

capacity; fill 
finish

• Cold chain 
requirement

• Distribution 
channel

• Administration 
site and 
personnel

• Waning 
immunity

• Protection 
against 
variants
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SEIR model equations:
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https://tsuilab.shinyapps.io/COVID19SEIR-SocialDistance/

© jasonwang.mdphd@gmail.com

Integrating Point System into SEIR

about:blank
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Tiered system for closing businesses in 
California since 2020
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What can open?
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Stated Rationale for open/close – but 
what’s the evidence?
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COVID-19 publications

• Updates 

© jasonwang.mdphd@gmail.com
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JAMA Viewpoint: March 3, 2020 

Taiwan

China

© jasonwang.mdphd@gmail.com
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JAMA Pediatrics, August 11, 2020

© jasonwang.mdphd@gmail.com
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Journal of Hospital Medicine: June, 
2020 

© jasonwang.mdphd@gmail.com



53© jasonwang.mdphd@gmail.com



54© jasonwang.mdphd@gmail.com



55© jasonwang.mdphd@gmail.com


	New Technologies and Data Systems for Pandemic Surveillance and Control
	Contact-tracing-quarantine technologies
	Various data streams needed to support pandemic response
	Challenges of data gathering and integration
	Taiwan: Linked datasets for data analytics
	Taiwan: Doctors alerted at point of care
	Digital epidemiology with consumer technology
	Google-Apple Exposure Notification �(GAEN) with Bluetooth
	Contact-tracing app curbs the spread of COVID in England and Wales
	投影片編號 10
	Ethical Issues Raised
	Detection Technologies
	Improvements in sample analysis:�information, speed, convenience and population-based surveillance
	Using movement data to predict pandemic surges���
	投影片編號 17
	投影片編號 20
	投影片編號 21
	投影片編號 22
	投影片編號 23
	Description of top 10 venue classes used
	California (West, Blue): �Data-driven model with machine learning
	Florida (South East, Purple)�Data-driven model with machine learning
	Louisiana (South, Red)�Data-driven model with machine learning
	Minnesota (Mid West, Purple)�Data-driven model with machine learning
	New York (North East, Blue)�Data-driven model with machine learning
	Texas (South, Red)�Data-driven model with machine learning
	投影片編號 33
	投影片編號 34
	Thank you!
	Traditional SEIR Model does not account for Repeated Infections from variants and waning vaccine protection over time as seen in COVID-19
	Comparison on methods of digital contact tracing in different countries
	投影片編號 38
	投影片編號 39
	投影片編號 40
	投影片編號 41
	SEIR model equations:
	投影片編號 43
	Tiered system for closing businesses in California since 2020
	What can open?
	Stated Rationale for open/close – but what’s the evidence?
	COVID-19 publications
	JAMA Viewpoint: March 3, 2020 
	JAMA Pediatrics, August 11, 2020
	投影片編號 50
	投影片編號 51
	Journal of Hospital Medicine: June, 2020 
	投影片編號 53
	投影片編號 54
	投影片編號 55

