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Public Health Surveillance
• Ongoing, systematic collection of data 

of individual health events for 
monitoring population-level trends
– WHO, WHAT, WHEN, WHERE, WHY

• States have list of reportable diseases

Source: Thacker SB, Qualters JR, Lee LM. Public Health Surveillance in the United States: Evolution and Challenges. Morbidity and Mortality 
Weekly Report (MMWR). July 27, 2012. 61(03);3-9.



Gaps in Public Health 
Surveillance

• Recent outbreaks: Ebola in Africa; Zika in Americas
• Traditional surveillance is no longer sufficient
• Recent understanding of need for enhancement of:

– Molecular diagnostics
– Data sharing

• Pathogen genome sequencing

Source: Gardy JL, Loman NJ. Towards a genomics-informed, real-time, global pathogen surveillance system. Nat Rev Genet. 2017 Nov 13. 
doi: 10.1038/nrg.2017.88.



Reprinted by permission from Macmillan Publishers Ltd: Nature Reviews(Gardy and Loman), copyright (2017)
Source: Gardy JL, Loman NJ. Towards a genomics-informed, real-time, global pathogen surveillance system. Nat Rev Genet. 2017 Nov 13.



Phylogeography

Phylogenetics:

• RNA Viruses
• Virus DNA sequences
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additional 
dimension



Reducing Virus Spread
• Viruses don’t spread in a vacuum!
• What can health agencies do to curb 

spread?
• Factors can promote/reduce spread:

– Climate
– Population density (incl. humans, animals, 

vectors)
– Global Travel
– Genetic (incl. vaccine accuracy)





Generalized Linear Model

Predictors
GLM

Phylogeography

Epidemiology

1. Determine diffusion 
pattern

2. Identify predictors 
that drive diffusion

3. Better prepare 
public health 
agencies

Sequences (known 
location)



Fig 4. Mean posterior estimates of supported predictors.

Magee D, Suchard MA, Scotch M (2017) Bayesian phylogeography of influenza A/H3N2 for the 2014-15 season in the United States 
using three frameworks of ancestral state reconstruction. PLOS Computational Biology 13(2): e1005389. 
https://doi.org/10.1371/journal.pcbi.1005389
https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1005389

https://journals.plos.org/ploscompbiol/article?id=10.1371/journal.pcbi.1005389




ZooPhy

• Public Health, Agriculture, Wildlife 
agencies

• Researchers
• https://zodo.asu.edu/zoophy/
• On-campus influenza surveillance

Source: Scotch et al. At the Intersection of Public-health Informatics and Bioinformatics: Using 
Advanced Web Technologies for phylogeography. Epidemiology. 2010 Nov;21(6):764-8.

https://zodo.asu.edu/zoophy/
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Limitations of Discrete 
Phylogeography

• Sampling location fixed to a single or 
small number of locations 

• No sampling error





Public Health Importance

• Sparse or incomplete geospatial data
– Difficult to analyze local outbreaks
– Inaccurate conclusions about spread



Goals of this work

• Relax strong assumption of no sampling 
error

• Analytically integrate over the sampling 
error to evaluate the likelihood of the 
spatial process

• Evaluate the use of sampling error for 
virus phylogeography

Source: Scotch M, Tahsin T, Weissenbacher D, O'Connor K, Magge A, Vaiente M, Suchard MA, Gonzalez-Hernandez G. 
Incorporating sampling uncertainty in the geospatial assignment of taxa for virus phylogeography. Virus Evol. 2019 Feb 
28;5(1):vey043. 





But from where does this sampling 
error come??



Sufficiency 
Calculation

Coordinate 
Extraction

Observation Error 
Estimation

GenBank 
Record 

(R)

Sufficient?

Record Location 
Extraction

PMC Article Linkage 
& Pre-Processing

Toponym Resolution 
(NER + Disambiguation)

Text Relation 
Extraction

Table Relation 
Extraction

Location 
Integration

Accession PMID Strain Country

EU148365 18394282 A/chicken/Nigeria/1071-3/2007 null

No

Yes

Nigeria Not Sufficient

Sokoto

Sokoto, Lagos, Nigeria…..

Sokoto, Nigeria (L1); Lagos, Nigeria (L2)

L1: P(L1|R)=0.97
L2: P(L2|R)=0.03

PMC2570913

GeoNames
R:

GeoBoost (ZoDo) Pipeline



Getting GeoBoost

• https://tinyurl.com/geoboost
• Next command-line version will 

integrate NN
• GUI will be available as part of 

phylogeography portal

https://tinyurl.com/geoboost


Use for phylogeography

• Set of candidate locations for each taxa

– P (L|R) = 1.0

• Analytically integrate over observation 

process

• BEAST 1.10

Source: Suchard, M.A., et al., Bayesian phylogenetic and phylodynamic data integration using BEAST 1.10. Virus Evol, 2018. 4(1)



Integration into BEAST







Web Portal

• Will soon add GeoBoost to ZooPhy web 
portal

• Enable user to run phylogeography with 
uncertainty

• Additional features:
– Log Analyzer/Combiner, Skygrid/plots, 

infectivity (R0).



Conclusion

• Informatics has great potential to 
improve public health surveillance

• This include approaches to leverage 
sequence-informed surveillance

• Phylogeography is a science that can 
use sequences to help surveillance
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