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“The goal of 
epidemiology, very 
broadly speaking, is to 
understand the patterns 
of disease and health 
dynamics in populations 
as well as the causes of 
these patterns, and to 
use this understanding 
to mitigate and prevent 
disease, and to promote 
health.”

(Saluthe et al. 2018)



Digital Epidemiology

Broadly speaking, digital epidemiology is epidemiology that uses digital 
data.

But more importantly, digital epidemiology is epidemiology that uses 
data that was generated outside the public health system, i.e. with data 
that was not generated with the primary purpose of doing 
epidemiology.

(Saluthe et al. 2018)



Types of Data

Crowdsourcing Search Social Media
Consumer 

Reviews
Remote Sensing 

and Place
News
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Detecting Reports of Unsafe 
Foods in Consumer Reviews



Surveillance of Foodborne Illness and Unsafe Foods



Notifies Health 
Department of 

possible outbreaks

CDC Outbreak 
Investigation



Notifies Health 
Department of 

possible outbreaks

Outbreak 
Investigation





FDA Recall

2 months



(Simplified) Recall Process

Product is 
recalled and 

company 
issues press 

release

Agencies 
monitor 

reports & 
outbreaks

Consumers & 
labs make 

reports



1,297, 156
Amazon reviews for Grocery & Gourmet Food products

                                                              5,149
                                                              Reviews for recalled products

                                                              0.4%
                                                              Percentage of reviews    







6000 Reviews were manually annotated by 
three labelers

1. Review implies that consumer fell sick/had allergic reactions or has 
labeling errors 

2. Review implies that the product expired or looks/tastes foul and 
should be inspected 

3. Review does not imply that the product is unsafe 

4. Review cannot be categorized to the above three categories

352 reviews out of 6000 in Category 1



Example Reviews

“I took the pills as described on the label, but after a few days the pills 
started upsetting my stomach real bad and made me nauseas”

“I am ANGRY with this company!!!! … The label does NOT list lemon 
juice as an ingredient… I contacted the company via Facebook. Their 
answer, Unfortunately, there has been an error on our packaging which 
left the lemon juice concentrate off of the ingredient panel on a few 
pouch production runs…”





Implications

• The World Health Organization estimates that in 2010, 600 million 
people experienced illness due to contaminated food, globally.

• Early identification means regulatory organizations and companies 
can take appropriate actions to stop the sale of these products.

• Limit the occurrence of large foodborne disease outbreaks.
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The Built Environment and 
Obesity in the US





% obese population

There is widespread 
disparity in obesity 
prevalence and other health 
indicators not only at 
national level but also within 
a city. Imagine walking 15 
minutes in a city and ending 
up in an area with 20 years 
lesser life expectancy than 
you starting point.



Data Sources for Factors Affecting Obesity



Data Sources for Factors Affecting Obesity



Experimental Settings

• Locations: Los Angeles, California; Memphis, Tennessee; 
San Antonio, Texas; and Seattle-Tacoma-Bellevue, 
Washington (1695 census tracts)

• Explanatory Variables:
• Built Environment: 150000 Google Maps satellite images
• Places of Interest(POI) : Google POI data at corresponding 

locations

• Response Variable:
• Obesity Prevalence: Census-tract level data from 500 Cities 

Project



Modelling Approach



Predictive Modelling

• We applied Elastic Net a regularized regression method that 
eliminates insignificant covariates, preserves correlated variables, 
and is well suited to the high-dimensional (n = 4096) feature vectors.

• After regularization, we retain 125 features in the model.

• We perform 5-fold cross-validation as well as out-of-sample 
regression analysis 



Built Environment features explain 
73.3% and 61.5% variation in 
obesity prevalence for Memphis 
and San Antonio respectively in 
out-of-sample estimates.

Places of Interest features explain 
43.2% and 43.0% variation in 
obesity prevalence for Memphis 
and San Antonio respectively in 
out-of-sample estimates.

Actual Obesity Prevalence Cross-validation estimates



Built Environment features explain 
55.8% and 56.1% variation in 
obesity prevalence for Sea-Tac-Bel 
and Los Angeles respectively in out-
of-sample estimates.

Places of Interest features explain 
14.0% and 29.2% variation in 
obesity prevalence for Memphis 
and San Antonio respectively in out-
of-sample estimates.

Actual Obesity Prevalence Cross-validation estimates



t-SNE Visualization for High and Low Obesity Areas in San Antonio, Texas

Green Spaces in Low-Obesity Clusters Sparse Greenery in High-Obesity Clusters



Neighborhood Looking Glass: 
Estimation of Health Indicators 
from Google Street View

(Nguyen et al. 2018, Javanmardi et al. 2020) 



Interpretable Obesity Estimation 
from Built Environment
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Finetuned deep learning models are used to label Google Street View images with 
built environment features which are used for obesity estimate. 

This allows for interpretable estimation and is helpful for public policy-making.



Experimental Settings

• Locations: Chicago, Salt Lake City, Charleston

• Nguyen et al. 2018 use following binary features:
1. Green Street (Trees/landscaping comprises at least 30% of the image)
2. Building Type (Single-family detached house vs. other)
3. Presence of Crosswalk (Yes vs. No)

• VGG-16 was finetuned for classification on 14000 annotated images.
• Achieved 85.40%, 84.59% and 93.03% accuracy on 1, 2, 3 respectively

• Sociodemographic characteristics of each neighborhood were added to 
adjust for potential confounding



Charleston had highest % of green streets (79%).

Chicago had most commercial buildings (56%) and 
streets with crosswalks (23%).

Percentage of blacks was correlated with more 
crosswalks and more commercial buildings, 
converse for Hispanics.

Results

Crosswalks                         Commercial Buildings                     Green Streets

Zip Code Distribution of Built Environment Characteristics in Chicago, Illinois.



Tertile = Any of the three groups containing 
a third of the population

Lowest tertiles serve as referent group.

More green streets, crosswalks and 
presence of commercial buildings were 
associated with lower individual obesity 
prevalence.

Similarly for diabetes prevalence.

Findings are consistent with prior literature. 
Mix land uses, connected streets, higher 
residential density and attractive scenery 
promote physical activity.



Multi-tasking for Classification & Estimation

In a similar study, the image feature extractor is jointly finetuned for classification of binary features as well as 
estimation of obesity prevalence.

This approach explains up to 70.40% variation in prevalence as compared to the previous approach which loses 
information when aggregating over all locations in a census tract and explains only 6%.

(Javanmardi et al. 2020)



Scaling to entire country

• Following pilot studies, these approaches were scaled to locations in 
the entire country for more built environment features.

• Relied on Google Vision API to gather labels.
• Approximately 15 days to label 16 million Google Street View images

• Built environment features:
• Presence of highland

• Rural vs. Urban area

• Presence of grasslands





Main Outcomes

•  Economic disadvantage was related to fewer highways, more rural 
areas, and fewer grasslands.

• Presence of highways was beneficial for self-rated health, diabetes, 
premature mortality, physical distress, mental distress, physical 
inactivity, and teen births but was non-significant for obesity.

• Counties with higher percentages of rural areas had worse health in 
terms of higher obesity, diabetes, fair/poor self-rated health, 
premature mortality, physical distress, physical inactivity and teen 
birth rates but had lower rates of excessive drinking.



Firearm Violence: Case-control 
Study using Satellite Images

(Jay et al. 2020) 





Alcohol Outlets and Firearm Violence

• Many studies have found positive 
association between the density of Aos and 
rates of violence at the neighborhood level

• Place/Built environment is a potential 
confounder.

• Researchers must control for potential 
confounders. 
 

• Alcohol outlets (AOs) = Bars, Restaurants and Beer stores



t-SNE 
Dimensionality 

Reduction

Pool of control 
candidates

Case Query

Most Similar Match 
for Control

Matching Cases and Controls 
on Visual Appearance



Map of Case (n=1609) and Control (n=1609) locations



Results

• The case–control matching process 
substantially improved balance on 
each of the potential confounders, 
compared with case locations to 
matched controls than to 
unmatched units.

• These findings strengthen the 
argument for a causal association 
between AOs and violence, even 
after accounting for differences in 
the physical and social 
environment surrounding those 
institutions.
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