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Key points

Satellite data, atmospheric chemistry models, 
and machine learning allow us to measure 
climate change related exposures (e.g
wildfires) with unprecedented precision

Methods for causal inference allows us to 
estimate health impacts from climate change 
related exposures and identify the most 
vulnerable 

Emerging evidence of a link between air 
pollution, wildfires and COVID19 provide an 
additional sense of urgency



Climate change and air pollution share sources



DATA  à DATA SCIENCE à EVIDENCE à POLICY CHANGE  à CLEANER AIR



Scientific Questions

1.  Is exposure to PM2.5 below the NAAQS (12 μg/m3 ) 
associated with an increase mortality risks?

2. Are some populations at higher risk than others?



DATA • All Medicare participants (n=67,682,479) in 
the continental United States from 2000 to 
2016

• Outcomes: all-cause mortality and cause 
specific hospitalization

• Individual level information: date of death, 
age of entry, year of entry, sex, race, whether 
eligible for Medicaid (proxy for SES)

• Zip code of residence and other covariates
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PM2.5 Monitor Data

Daily 1km x 1km Estimates

Satellite Imaging

Weather data

Land use data

Di Q et al. 2019. An ensemble-based model of PM2.5 concentration across the contiguous United 
States with high spatiotemporal resolution. Environ Int 130:104909, 10.1016/j.envint.2019.104909
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Confounding  is the 
largest threat to the 
validity of these 
studies





Fundamental idea of the GPS matching
• We want to construct matched datasets that approximate a randomized 

experiment as closely as possible by achieving good covariate balance.
• In the continuous exposure setting, the challenge is that it is unlikely that two 

units will have the exact same level of exposure
• Therefore, we proposed an approach that jointly matches on both the 

estimated GPS and exposure values.
• The closeness of exposure level guarantees that the matched unit is a valid 

representation of observations for a particular exposure level, whereas the 
closeness of GPS ensures that we are properly adjusting for confounding.

• Code available ! https://github.com/wxwx1993/GPSmatching
• Paper under review and available https://arxiv.org/abs/1812.06575

https://github.com/wxwx1993/GPSmatching
https://arxiv.org/abs/1812.06575


The causal inference framework 
lends itself to the evaluation of 
covariate balance for measured 
confounders. An absolute 
correlation (AC), with values <0.1 
indicating high quality recovering 
randomized experiments. 



Using five distinct statistical 
approaches, we found that 
a decrease of 10 μg/m3 
PM2.5 leads to a statistically 
significant 6%–7% decrease 
in mortality risk.

Based on these models, 
lowering the air quality 
standard to 10 μg/m3 
would save 143,257 lives 
(95% 30 confidence interval 
115,581–170,645) in one 
decade



• Experts said that efforts to curb 
pollution by reducing fossil fuel use 
would provide a double benefit, in 
both improving public health 
conditions and bringing down 
climate-warming emissions.





From Hypothesis first to Data First
From Randomization to Observation



Unresolved 
Data Science 
Challenges 

• Uncertainty quantification and 
propagation 
• Causality 
• Unmeasured confounding
• Estimation of exposure 

response curve
• Heterogeneity

• Reproducibility



Methodological contributions in
Causal  Inference and Machine 
Learning
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National 
Studies on Air 
Pollution and 
Health 
“NSAPH”

• 8 PIs from other institutions:
• Columbia University
• Yale University
• Boston University
• The University of Texas at Austin
• University of Florida
• University of British Columbia
• University of Rochester

• 15 Post-Doctoral Fellows 
• 16 PhD students

• 5 Master’s students

• 7 Undergraduate students
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Conclusions

• The steps needed to mitigate climate change in the future are substantially the 
same as those needed to reduce the burden of death and disability due to air 
pollution in the present — cut back on burning fossil fuels and biomass

• In the meantime, machine learning and data science allow us to measure 
exposure and pinpoint susceptibility and vulnerability

• Methods for causal inference allow us to better disentangle causes from 
confounders, especially in the context of natural disasters (Nobel prize in 
economics)



Looking ahead: a data science 
perspective

• Develop new research data platforms
• Link spatial-temporal data on 

meteorology, climate, air pollution, land 
use, and satellite sensor readings to 
understand and quantify linkages to 
health indicators
• Understand the distribution of effects on 

disadvantaged portions of the population. 


