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CausalityCausality
Want to be able to understand impact of implementing new p p g
program or intervention.
Ideally, would estimate causal effect of treatment on outcomes 
b i t d t f t lby comparing outcomes under counterfactual 
– Treatment effect=Yi(1)-Yi(0)
– Observe outcome Y when patient gets treatment t=1 and– Observe outcome Y when patient gets treatment, t=1 and 

when same patient does not get treatment, t=0
– Compare difference in outcomes to get impact of treatment
– In reality we don’t observe same patients with and without 

treatment



R d i d E i tRandomized Experiment
Randomize who gets treatment T

R T O
R O

Compare outcome between treated and untreated 
groups to get impact of treatment
Because treatment was randomized, there are no 
systematic differences between treated and untreated 
groups.
Differences in outcomes can be attributed to causal 
ff feffect of treatment



Causality and Observational C us y d Obse v o
Studies

Most health services research is observational 
and cross sectional
– Causality difficult to show because of confounding 

also referred to as selection and endogeneityg y
Omitted variables bias
Selection 
Reverse causality
Measurement error



Ob ti l St d E lObservational Study Example
Ob ti t ith di b t iObserve some patients with diabetes in 
primary care clinic participate in phone-based, 
di t th d ’tdisease management program, others don’t.
– Compare A1c, cholesterol, other outcomes 

b t f ti t t d fbetween groups of patients at end of program
– If patients who participated in the program had 

better o tcomes than those ho didn’t can ebetter outcomes than those who didn’t, can we 
conclude the program caused the better outcomes? 



hit b dwhiteboard

Wh h f ld h l d hWhat other factors could have led the 
program participants to have better 
outcomes than the non-participants?



Bi f T t t Eff tBias of Treatment Effect
Ch t i ti t b b l d b tCharacteristics not be balanced between groups

Enrolled had better outcomes to start with

Patients selected into treatmentPatients selected into treatment
Enrolled would have improved over time b/c more 
motivated to improvep

Changes over time occurred that were unrelated to 
intervention
Enrolled also engaged in other activities (not part 
of program), e.g. reading diabetes info online
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Q i i t l M th dQuasi-experimental Methods
Ob ti l t di d t h d i dObservational studies do not have randomized 
treatment, so use methods to make like 

i t l t dexperimental study.
– Identify similar control group
– Try to eliminate any systematic differences 

between treatment and control groupsg p
Compare (change in) outcomes between 
treatment and control groupstreatment and control groups
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C i t M t hiCovariate Matching
T ti t l ff t f t t t t tTo estimate causal effect of treatment, want to 
compare treated group with similar cohort
Matches observations in treatment group withMatches observations in treatment group with 
observations in control group on selected variables
Computes difference in outcome within matches thenComputes difference in outcome within matches, then 
mean of difference across all matches 

= average treatment effect average treatment effect



C i t M t hiCovariate Matching
Matching addresses bias in treatment effect caused by 
selection (into treatment) based on observable 
characteristicscharacteristics
Matching procedures involve calculating distance 
between observations using selected covariatesbetween observations using selected covariates
Can match on more than one variable, match the joint 
distribution of all observed covariatesdistribution of all observed covariates
Observations can be used more than once (with 
replacement) for better matchingreplacement) for better matching



C i t M t hiCovariate Matching
St t t h ti t th t t tStata nnmatch estimates the average treatment 
effect using nearest neighbor matching across 
d fi d i bldefined variables 
Can also match on propensity to receive 
treatment using propensity scores (topic of 
future lecture)



C i t M t hiCovariate Matching
StrengthsStrengths 
– Uses nonparametric methods and does not rely on 

parametric modeling assumptions p g p
– Can use with other methods like D-D

WeaknessesWeaknesses
– Does not address selection based on unobservable 

characteristicsc c e s cs
– If all patients with same characteristics get 

treatment, then no comparison group, p g p



Matching ExampleMatching Example
McConnell KJ, Wallace NT, Gallia CA, Smith JA. , , ,
Effect of eliminating behavioral health benefits for 
selected medicaid enrollees. Health Serv Res. Aug 
2008;43(4):1348-1365.
Compare medical expenditures for 
– Patients who previously used behavioral health services 
– Patients who did not use behavioral health services 

M t h d ti t i t t ith ti t fMatched patients in target group with patients from 
control group on demographics, risk factors, prior 
medical expendituresmedical expenditures



Matching ExampleMatching Example
McConnell et al. results



M t hi E lMatching Example
McConnell et al. results
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Diff i DiffDifferences-in-Differences

C l it t l i t ith D DCan exploit natural experiment with D-D
Need longitudinal data or observe outcome at 
different time points for treatment and control 
groups
Subtract out differences between treatment and 
control groups and differences over timeg p





Diff i DiffDifferences-in-Differences

P P 0 1Program P: 0=no, 1=yes  
Time T: 0=pre, 1=postp , p
Y= β0 + β1T + β2P + β3P*T +ε
S β i h diff i diffSo β3 is the differences-in-differences 
estimate

)()( 013 == Δ−Δ= PP YYβ



Diff i DiffDifferences-in-Differences

S hStrengths
– Difference out time trend
– Addresses omitted variables bias if  

unmeasured time invariant factors
Weaknesses

If b d f h h i– If unobserved factors that change over time, 
can have biased estimates



Diff i DiffDifferences-in-Differences
Unobserved factors often cause omitted variables bias
Panel analysis with time invariant characteristics δi
for individual (observed and unobserved)
Yit= β0 + β1Tt + β2Pit +δi +εit

Difference model
Yi1-Yi0= β1 + (Pi1 -Pi0t)*β2+ εi1 –εi0

β1 is time trendβ1 is time trend
β2 is treatment effect
Time invariant δi drops out of modelTime invariant δi drops out of model



Differences-in-Differences

Fixed effects estimate of “within estimator”Fixed effects estimate of within estimator  
same as first differencing with 2 time periods
Cannot estimate effect of time invariant factorsCannot estimate effect of time invariant factors 
in FE model
C ti t ff t f ti i i t f t ifCan estimate effect of time invariant factors if 
δi not parameter to be estimated but part of εit 

i d ff t l t iusing random effects, same as clustering
Stata command xtreg will run FE and RE



D D E lD-D Example
Ch ME t l I t Of D iChernew ME et al. Impact Of Decreasing 
Copayments On Medication Adherence Within A 
Disease Management Environment Health Affairs;Disease Management Environment. Health Affairs; 
Jan/Feb 2008; 27, 1;103-112.
Two health plans implemented disease managementTwo health plans implemented disease management 
programs, but only one reduced drug copayments
Drug adherence for two groups of patients compared g g p p p
pre-post implementation of disease management and 
reduction in drug copays



D D E lD-D Example

Ch lChernew et al.
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R i Di ti itRegression Discontinuity
Can do when treatment is not randomly assigned but 
b d i d f Zbased on a continuous, measured factor Z
– Z called forcing variable

Discontinuity at some cutoff value of Z
Individuals cannot manipulate assignment of Z
Only jump in outcome due to discontinuity of 
treatment
Treatment effect =the expected outcome for units just 
above the cutoff minus the expected outcome for 
units just below the cutoff (otherwise identical)units just below the cutoff  (otherwise identical)



R i Di ti itRegression Discontinuity
St thStrengths
– Z can have direct impact on outcome (unlike 

i t t l i bl )instrumental variables)
Weaknesses
– Need to test functional form for effect of treatment 

(e.g. linear, interaction, quadratic terms) or can get 
bi d t t t ff t if d l i i ifi dbiased treatment effects if model is misspecified.



RD E lRD Example
B h ff S H t hki D R d S ith O ThBauhoff, S., Hotchkiss, D. R. and Smith, O. , The 
impact of medical insurance for the poor in Georgia: 
a regression discontinuity approach Healtha regression discontinuity approach. Health 
Economics, n/a. doi: 10.1002/hec.1673
Effect of medical insurance program for poor inEffect of medical insurance program for poor in 
republic of Georgia on utilization
Eligibility for program limited to residents below g y p g
means test score (SSA)
Compare outcomes for eligible residents versus low p g
income residents who are not eligible



RD E lRD Example
Bauhoff et al



RD E lRD Example
Bauhoff et alBauhoff et al

Y=β +β MIP+β f(score-cutoff)+β MIP*f(score-cutoff)+β X+εY β0+β1MIP+β2f(score-cutoff)+β3MIP f(score-cutoff)+β4X+ε

β =treatment effect discontinuous change at cutoffβ1 =treatment effect, discontinuous change at cutoff
β2 =effect of means test on outcomes for non-beneficiaries
β ff t f t t t f b fi i iβ3 =effect of means test on outcomes for beneficiaries



RD ExampleRD Example
Bauhoff et al



R iReview
Quasi-experimental methods can help addressQuasi experimental methods can help address 
common sources of bias of treatment effects in 
observational studies.obse vat o a stud es.
Quasi-experimental methods attempt to reduce 
any systematic differences between treatmentany systematic differences between treatment 
and control groups.
Q i i t l th d id tQuasi-experimental methods provide stronger 
study designs in order to make inferences 
abo t ca salitabout causality. 
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HERC Sh i t SitHERC Sharepoint Site

Q i d f d ’Questions and answers from today’s 
session will be posted

http://vaww.infoshare.va.gov/sites/HERC/d
efault aspxefault.aspx



N t L tNext Lectures

U i 2011Upcoming 2011

Endogeneity and Simultaneity
Mark SmithMark Smith

Instrumental Variables Models
Mark SmithMark Smith


