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What do I mean by Causal Modeling? 

• What would have happened if the population 
had been exposed to a′ instead of being 
exposed to a 

• If that is different that what happened when 
they were exposed to a, there is a causal 
effect of changing exposure.  



Notation 

• Let YA=a be the effect that would have been 
observed under treatment A=a (say Y under 
A=a) 

• Let YA=a’ be the effect that would have been 
observed under treatment A=a′ 

• If these are different, there is a causal effect 
• Causal Risk Ratio= YA=a/ YA=a′ 

• Causal Difference=YA=a -  YA=a′ 

• But we generally only observe 1 for each 
person/population (either treated or not) 
 
 



• We would like it to be the case that those who 
had treatment a and those who had treatment a′ 
are comparable (in their counterfactual 
outcomes)  

• If that were the case then the outcomes of those 
who had treatment a would be similar to the 
outcomes if the whole population had been given 
treatment a  

• And the outcomes of those who had treatment a′ 
would be similar  to the outcomes if the whole 
population had been given treatment a′  

• How do we get there? 



Randomized Experiments 
• Ya=1 for the people who happened to be 

treated is the same as Ya=1 for the people 
who were not treated 

• Pr(Y=1|A=1)  is a consistent estimate of 
Ya=1 

• This is not true if we didn’t randomize 
because the treated may not be just like 
the untreated  
 



Idea of Causal Modeling 
• Take Observational Data 
• Make it look like a Randomized Control Trial 
• Then we can believe it is causal 
• Association is defined as a comparison of 

different subjects under different conditions 
• A causal effect defines a comparison of the 

sample subjects under different actions 
– Assumes the counterfactual approach 
– Everyone simultaneously treated and untreated 

 
 

• How? 



There are two approaches 
• Modeling 

– e.g. Inverse Probability Weighting, Propensity 
Scores  

– This makes the exposure independent of 
confounders, so E(Ya=1|A=1,C)=E(Y|A=1) 

– Untestable Assumption that we measured all the 
confounders 

• Quasi –Experimental 
– Find natural patterns that appear to randomize 

exposure with respect to confounders 
– Untestable Assumption: It is really random 



I will Illustrate both approaches 

• Looking at both Acute and Chronic Effects of Air 
Pollution and Temperature on Mortality Rates 

• Quasi-experimental 
– Natural experiments 
– Instrumental Variables 
– Difference in differences and extensions 
– Regression Discontinuity 

• Causal Modeling 
– Propensity scores 



Natural Experiments 

• Steel Mill in Mountain Valley 
• Air trapped in Valley in Winters 
• Went of Strike one Winter 



Pope, Amer J Public Health 1989; 79: 623 



If we don’t have a natural experiment 
• We can manufacture it 
• Difference in Differences and extensions 
• Assume 
• Where Yit is the deaths in location i and year t, 

E is our exposure, Z are slowly varying 
confounders (e.g. BMI, pack years), and W are 
more rapidly varying confounders. If we 
contrast two years, we have  
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• And the effect of Z, as well as the intercept 
(which is the difference in risk between locations) 
have disappeared. If contrast the differences 
between two locations we have: 
 

• And if we assume that the change over time in 
confounders W is the same in locations i and j, we 
have a causal estimate of β1.  

• We can relax the second assumption  
• Remove a flexible time trend from the Yi’s (and 

the exposures) 
• Now the trend in the W’s can differ between 

locations because that part of it that is correlated 
with Yi has been removed by the time trend  
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Suppose we de-trend our variables 

• We geocoded all deaths for six years in New 
Jersey to Census Tract, and estimated PM2.5 
and temperature on a 1km grid using satellite 
remote sensing. We matched these estimates 
to each census tract. Then we fit: 
 
 
 
 

   



 
 

• where Nc,t be the number of deaths in census 
tract c and year t, β0,c is a separate dummy 
variable for each census tract c, Yeart is a 
separate dummy variable for each year t, and 
log(Pc) is an offset term which is the log of the 
population in census tract c. 

• Confounders that differ by tract are removed by 
β0,c 

•  Confounders that are constant within tract are 
removed by only looking at deviations from 
expected PM within tract 

• Confounders that have a time trend similar to PM 
are removed by removing that time trend. 

  

= β + β + β + β + β +c,t 0,c 1,t t 2 c,t 3 c,t 4 c,t clog[E(N )] Year RPM RTs RTw log(P )

  



Note 

• This is true for unmeasured confounders as 
well as measured confounders 

• β2 is a causal estimate of how the death 
rate would change had the population been 
exposed to an exposure 1 µg/m3 different 
than they were exposed to.       



Results 

• 1705 census tracts in New Jersey, 366,606 
deaths from 2004-2009 

• Annual PM2.5 ranged from 8.2 to 13.7 μg/m3 
across census tracts 

• We found a 20.0% (95% confidence interval: 
3.8%-38.7%) increase in all natural cause 
mortality for each 10 μg/m3 increment in 
PM2.5. 
 



We can take a similar approach for 
Chronic Effects of Temperature 

• Almost all studies of temperature examine 
acute effects 

• Chronic effects on mortality rates are unclear 
• We examined 211 cities in the United States, 

over a long time period (1973-2006) 
comprising 38 million deaths out of a 
population that averaged 126 million during 
the period of study. 



• We clustered the weather patterns in each city to 
arrive at 9 clusters 

• We did a city specific analysis, removing city 
specific time trends 

• log[E(Nc,t)] = β0,c + sc(Year)  + β1 TWin c,t + β2 TSum 

c,t + β3 SDwin c,t + β4SDsum c,t +log(populationc) 
• The multiple regression will remove the 

differences in city effect and time trend (β0,c + 
sc(Year)) from the exposures as well as the 
outcome. 

• We then did a meta-analysis by cluster 



Causal Effect of Seasonal Temperature 
Change on Mortality Rates 



Causal Effect of Change in Season 
Temperature SD on Mortality Rates 



Regression Discontinuity 

• Suppose something happens at a particular 
exposure level modifies risk 

• Than the dose response curve my be 
discontinuous there 

• E.G. if at a specific threshold of LDL cholesterol 
we put people on statins, than the dose 
response Vs e.g. carbohydrate intake may look 
like this 



Effect on Statin Use on D-R 
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Now consider an intervention that 
effects Exposure directly 

• Air Quality Index 
– Below thresholdno warning 
– Above threshold warning; stay indoors 

• Staying indoors reduces exposure to outdoor 
air pollution 

• If there is a causal effect of exposure, 
mortality will drop 

• If there is no causal effect it should not change 



More Formally 

• Let T be the threshold. Two days with 
exposure T +ε, and T-ε have the essentially the 
same level of exposure, and hence the same 
level of CONFOUNDERS 

• So a contrast between the two days cannot be 
confounded 

• If E is causal, there will be FEWER deaths on 
day’s with T +ε because people will take action 
to reduce their exposure  



We applied this to 4 U.S. studies 

• We found significant decreases in mortality in 
each city (18 fewer deaths in Los Angeles (-
33.5,-2.6), 10- fewer deaths per day in 
Washington (-18.3, -0.7), 6 fewer deaths per 
day in Denver (-11.5, -0.3) and 9 fewer deaths 
per day in Detroit (-17.0, -0.1). 



Instrumental Variable Analysis 

• Let Yt
A=a Yt

A=a´ be the potential outcomes of 
death counts on day t, if under exposures a 
and  a’ 

• Suppose the outcome depends on predictors 
in the following manner: 

• Yt=Atθ +εt 

• Where εt represents the impact of all other 
variables on the outcome 



• Usually, E(Atεt)≠0, and hence E(εt|A=a)≠ E(εt|A=a´), and 
we have confounding. 

• suppose we can find a variable Z such that Z is 
associated with Y only through A. 

• At=Ztδ +ηt 

• Where ηt represents the other sources of variations in 
exposure, and in particular, all of the exposure 
variations that are associated with other predictors of 
outcome, measured or unmeasured. 

• let Z1 be the Z such that E(A|Z1)=a, and similarly 
E(A|Z2)= a´ 

• E(YZ=Z1)=E(θa +εt|Z=Z1)= θa +E(εt)   
    

• And hence E(YZ=Z1 –YZ=Z2)= θ(a- a´) 



Nothing is for free 

• We have traded the untestable assumption of 
no omitted confounders 

• For the untestable assumption that Z is only 
related to Y through A 

• For Six Years in Boston we have daily Back 
Trajectories.  
 



• We believe these back trajectories are good 
instruments for PM2.5 because:  

• 1) they represent emissions elsewhere, and are 
unaffected by the behavior of people in Boston; 

•  2) People in Boston are unaware of them, and 
hence do not modify their behavior based on 
them; 

•  3) there is no plausible connection between 
them and changes in other behavior that 
influences short term mortality rates such as 
number of cigarettes smoked, daily changes in 
diet, alcohol consumption, etc.  

• Except 
– Temperature 



• We fit penalized splines modeling PM2.5 as a 
function of same day and prior day’s temperature 

• We used the residuals to look at the association 
with the back trajectories 

• 96 hourly locations, so a lot of latitude, longitude, 
and heights 

• Used Support Vector Machine to reduce 
dimensionality, get predicted residual PM2.5 
from back locations 

• Used those in Poisson Regression controlling for 
ns(date,24 df) +ns(temp,df=3) + ns(temp1,df=3) 



Propensity Score Analysis 
• Group  subjects that have comparable chances of being 

assigned to the treatment (exposure) group vs the control 
(unexposed) based on their characteristics 

• So, we compare exposed people who have a 10% chance 
of being exposed with unexposed people who have a 10% 
chance of being exposed. 

• How? Fit a logistic regression modeling treatment (or 
exposure) as the “outcome” and all of the potential 
confounders as the predictors in the equation. 

• The goal is to estimate the conditional probability of 
treatment assignment, given the potential confounders. 



For continuous exposure 

• We fit a generalized additive model regressing 
PM2.5 against: 

• natural splines of time (24 df), temperature 
(3df), yesterday’s temperature (3 df), dew 
point temperature (3df), dummy variables for 
day of the week, and linear terms for co-
pollutants ozone, NO2, SO2, and CO.  

• The predicted PM2.5 from this model is the 
propensity score.  



• We trimmed the days with the highest and 
lowest 5% of the propensity scores and 
divided the remainder into deciles of 
propensity score 

• Controlling for dummy variables for each 
decile is equivalent to matching on propensity 
score deciles and analyzing associations only 
within decile 



Results (I) 

• IV: The temperature model explained 33% of 
the variation in PM2.5 

• The back trajectory model used as the 
instrument explained 73% of the remaining 
variation 

• The propensity score explained 63% of the 
total variation in PM2.5 
 



Results (II) 

• IV: 1 µg/m3 of PM2.5 caused a 0.45% increase 
in daily deaths (95% CI 0.21,0.70%) 

• Instrument two days after the deaths was 
unassociated with daily deaths  

• Propensity Score: Controlling for the 
propensity score 1 µg/m3 of PM2.5 caused a 
0.48% increase in daily deaths (95% CI 0.18, 
0.79%) 
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