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Lecture Outline

• Causal Estimands

• Analysis Methods

• (Next: Propensity Scores)
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Causal Estimands

4

Common Questions

• Clustering
– Individuals
– Variables

• Associations between “risk factors” and “events”
– “Markers” of incident events
– “Causes” of incident events

• Prediction of events
– Estimation of tendencies (means, medians, …)
– Estimation of ranges (necessary tolerance, …)
– Classification (diagnosis, prognosis)
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My Claim

• Ultimate interest is almost always understanding cause and effect 
relationships

• Clustering is something we do at the very beginning of 
investigations

• “Associative” analysis for markers is merely recognition that we 
cannot infer cause and effect from observational data
– Often a logical step on the way to investigating cause and effect
– Sometimes all that is feasible

• “Predictive” models are most often stop-gap solutions that will 
work in the short term
– If we understood the cause and effect, we would use that 

information
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Causation

• A term that is at best imprecisely defined

• When considering a single “risk factor” we might consider 
whether it is
– “necessary” for the event to occur
– “sufficient” for the event to occur

• Most often, it is neither
– The incidence of the event will depend on other variables as well

• At least with respect to our current level of understanding

• Nonetheless, we try to refine what we mean within a context that
allows us to define three broad levels of estimands
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Three Levels of Estimands

• Effect of exposure on the population

• Effect of exposure on some subpopulation

• Effect of exposure within an individual
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Causal Effect: Definition

• We consider a counterfactual setting in which we could know 
outcomes for each individual when exposed and unexposed
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Causal Effect: Comments

• The effect within an individual

• If we consider the outcome to be deterministic, we presume that u
captures all pertinent variables that identify the sampling unit and 
its determinants of outcome
– Essentially a random effect measuring all pertinent covariates at 

the time of the “treatment” (exposure)

• Of course, it is not possible to observe the outcome for both the 
exposed and unexposed setting for any unit
– Time (at the very least) marches on

• And it is probably not really of interest to condition on every single 
covariate
– We most often find it useful to average over covariates that we do 

not yet understand enough to measure
10

Indiv Average Causal Effect: Definition

• We consider a counterfactual setting in which we could know a 
distribution of outcomes for each individual when exposed and 
unexposed that may depend on time-varying covariates
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Indiv Average Causal Effect: Comments

• The average effect within an individual
– Averaged over any effect modification by V

• We now model the possibility that there might be a distribution of 
settings in which the “treatment” (exposure) would be 
administered to an individual

• For any arbitrary auxiliary covariate vector V, it is impossible to 
measure the outcome in both the exposed and unexposed 
settings

• However, depending on how V is defined, we may through 
repeated experiments on u estimate ACE(u)
– We must include time itself as a covariate that we do not want to 

hold constant
– We must also presume no time trend that would confound or 

modify our estimate of the desired estimand 12

Average Causal Effect: Definition

• We average the individual average causal effect across the 
population
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Average Causal Effect: Comments

• The average individual effect within some population
– May or may not consider variable effect within an individual

• Again, depending on how V is defined, we may through repeated 
experiments on u estimate ACE(u)
– Because we are using expectation, we can consider varying 

exposure randomly across individuals
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Population Average Causal Effect: Defn

• We consider a counterfactual setting in which we could know  
outcomes for a population of individuals when exposed and 
unexposed
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PACE: Comments

• This measures the average effect in the population

• Note that because we are using expectation, we expect the ACE
and PACE to be equal
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Subpopulations

• We can of course define an estimand similar to PACE for each of 
several subpopulations
– We can consider causal effect in each subgroup separately, or
– We can consider some average of the separate subgroup causal 

effects

       

   



x
x

EUEU

xPACEwxASCE

uYEuYExPACE








                     
 subgroupin  exposure ofeffect  causalion subpopulat Average

                     
 subgroupin  exposure ofeffect  causal average Population



Lecture 16: Causal Inference December 3, 2013

Categorical Data Analysis, AUT 2013 5

17

Modifications to Causal Estimands

• In the previous measures, we used means and differences of 
means to characterize the causal effect

• With binary outcomes, we have also considered
– Ratios of means, which are equivalent to differences of log 

means
– Odds ratios, which are equivalent to differences of log odds
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Modified CE, ACE, PACE

• We consider alternatives to the expectation
– Note that transformations of binary exposures may not make 

sense
– And not that mACE and mPACE may not be equal
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Analysis Methods

20

Impact on Analysis Models

• When considering the analysis models used for each of the 
estimands, we must consider the role of:

• Matching in design

• Variable adjustment
– Effect modification, confounding, precision

• Measure of association
– Risk difference, risk ratio, odds ratio
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Available Tools

• Regression models
– Fixed effects
– Random effects

• Matched analyses
– Fixed effects
– Random effects

• Stratified analyses using weighted averages
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Population Estimands: RR and RD

• In absence of confounding we would treat as a two sample 
problem

• In presence of confounding we can
– Estimate effects within strata
– Combine strata according to some “standard” population

• RD and RR are collapsible
– Hence, adjusting for covariates should give an estimate of a 

common RD or RR across all covariate defined groups
– In the presences of effect modification, however, we still need to 

use weighted combinations to recreate the population
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Population Estimands: OR

• In absence of confounding we would treat as a two sample 
problem

• In presence of confounding we can
– Estimate effects within strata
– Combine strata according to some “standard” population

• Even with a common OR in all subgroups, we will obtain different
standardized OR depending upon the population used.

• OR is not collapsible
– We must recognize that adjusted / matched analyses are not 

estimating the same OR as desired for mPACE
• Hence either logistic or conditional logistic regression would have 

to use weighted averages
• In case-control studies, we may not have the information about 

the distribution of subjects in the entire population
24

Example

• Hypothetical case-control study: Original data

4.5766913331394608Total

1.520.047880.214012780-85

1.520.06106240.254306475-80

1.470.10130640.192929870-75

1.500.141331470.1416111965-70

1.480.191132770.107312160-65

1.510.25764180.062810255-60

1.400.21333950.0497750-55

P(stratum)UnexpExpP(stratum)UnexpExpAge

ORControlsCases
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Example

• Hypothetical case-control study: Standardization 1

1.3815594231656326Total

1.520.50908930.509386380-85
1.520.25408920.254366575-80
1.470.12161790.121806070-75
1.500.0657630.06695165-70
1.480.0317430.03233760-65
1.510.026340.0293155-60
1.400.012180.0121850-55

P(stratum)UnexpExpP(stratum)UnexpExpAge

ORControlsCases
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Example

• Hypothetical case-control study: Standardization 2

1.2996910331095907Total

1.520.14259270.142681880-85

1.520.14233530.142493775-80

1.470.14192940.142147270-75

1.500.141361500.1416412265-70

1.480.14832030.1410817860-65

1.510.14442420.146222455-60

1.400.14222640.143025650-55

P(stratum)UnexpExpP(stratum)UnexpExpAge

ORControlsCases
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Final Comments

• It should be apparent that we can never truly estimate a “within 
individual” effect

• Sometimes we can get closer than others
– Matching, adjusting for random effects

• It should also be apparent that we rarely truly estimate a 
“population” effect
– We almost always have restrictions placed on our sampling 

scheme

• The major point that should be made is:
– When using OR, recognize that variations in the adjustment 

variables and the way they are modeled can mean that precision 
variables will change our estimand

28

Propensity Scores
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Confounding: Definition

• The association between a predictor of interest and the response
variable is confounded by a third variable if

– The third variable is associated with the response
• causally (in truth)
• in groups that are homogeneous with respect to the predictor of 

interest, and
• not in the causal pathway of interest,

AND

• The third variable is associated with the predictor of interest in 
the sample.

30

Interpretation of Adjusted Parameters

• Intercept
– Corresponds to a population with all modeled covariates equal to 

zero
– Most often outside range of data; quite often impossible; very 

rarely of interest by itself

• Slope
– A comparison between groups differing by 1 unit in corresponding

covariate, but agreeing on all other modeled covariates
• Sometimes impossible to use this definition when modeling 

interactions or complex curves

• Adjustment thus handles confounding by modeling the 
association between the confounder and the response

31

Propensity Scores

• Motivation: Handle confounding by modeling the association 
between the confounders and the POI
– An analogy to RCT: Randomization ensures independence
– We model the propensity for individuals to receive the “treatment”

(or have the exposure)

• In RCT all subjects have same probability of assignment to arms

• In an observational study, subjects with different covariate values 
might have different “randomization ratios” (propensity scores)
– But we assume that all subjects with similar covariates have the

same propensity to exposure

32

General Methods

• Fit a model using
– Exposure as response variable
– All possible covariates as potential predictors

• Analysis models
– Logistic regression
– Other predictive models for a probability

• Model building for propensity score can be highly adaptive

• Take estimated probability of “assignment” to exposure as an 
adjustment predictor in model of outcome vs POI
– Usually use very coarse grouping of propensity scores
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Impact

• We can show that performing analyses adjusted for similar 
propensity scores guarantees that within each stratum the 
distribution of covariates is equivalent for exposed and 
unexposed
– Hence, after adjustment for propensity scores all covariates are

precision variables

• HOWEVER: Above is true providing we have correctly modeled 
all covariates that affect the propensity to treatment
– All covariates
– Highly flexible model

• Overfitting is not an issue from bias standpoint
• But we are just estimating the propensity, so need to worry 

somewhat about variability 34

Advantages / Disadvantages

• Relative to adjustment for covariates
– We end up just adjusting for one propensity score
– May better handle sparse data

• We just have to consider about matched propensity, the matched 
distribution of covariates is then addressed

– May better address population level inference
• But there will be some adjustment for the most dominant 

variables in the propensity score
– Exposure must be binary
– OR coverage probabilities may be poor
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Evaluation

• Cepeda et al. (2003) studied performance of the propensity score 
incohort studies with moderately rare events. Comparing 
covariate adjustment for all confounders in logistic regression to 
dummy variable adjustment for quintiles of the propensity score 
they found:

• In the settings they considered, when there were seven or fewer 
events per confounder, propensity score adjustment yielded OR 
estimates with less bias and more precision than ordinary 
confounder adjustment.

• With more events per confounder, ORs based on propensity 
score adjustment were more biased.

36

Evaluation (cont)

• Estimates based on covariate adjustment were biased by mis-
specification of the model for association between a confounder 
and disease, but not biased by mis-specificationof the model for 
the association between confounder and exposure in propensity 
score adjustment.

• Tests based on propensity score adjustment had greater power 
than tests based on covariate adjustment. (Test level wasn’t 
evaluated.)

• Estimates based on logistic regression covariate adjustment had 
much worse precision than estimates based on propensity score 
adjustment when there were fewer than eight outcome events per 
confounder.
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Evaluation (cont)

• Confidence intervals based on propensity score adjustment had 
much better coverage probability when there were fewer than 
eight observations per confounder; logistic regression covariate
adjustment had much better coverage probability when there 
were eight or more outcome events per confounder.

• With enough events (8 per confounder) covariate adjustment was 
better.

38

My View

• Other attempts at evaluation also appear in the literature, with
similarly mixed reviews

• Propensity scores appear attractive, but do not really seem to 
work well enough, if you ask me


