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“As is the case for any observational study, our results might 
…be affected by unmeasured confounding factors.”
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Who said it?
“As is the case for any observational study, our results might 
…be affected by unmeasured confounding factors.”

Source:
• Me.
• You?
• Every epidemiologist and social scientist?
• When To Start Consortium. (2009). Timing of initiation of antiretroviral 

therapy in AIDS-free HIV-1-infected patients: a collaborative analysis 
of 18 HIV cohort studies. Lancet, 373(9672), 1352.



Study designs in health research

Randomized 
Controlled 

Trials

Observational 
Studies

Cohort, Case-Control, 
Cross-Sectional

• Internal validity
• Balance on both observed 

and unobserved factors
• Cost / ethics constraints

• External validity
• Balance only on observables
• Strong assumption: no residual 

confounding.



Randomized 
Controlled 

Trials

Observational 
Studies

Cohort, Case-Control, 
Cross-Sectional

• Internal validity
• Balance on both observed 

and unobserved factors
• Cost / ethics constraints

• External validity
• Balance only on observables
• Strong assumption: no residual 

confounding.

Study designs in health research



Randomized 
Controlled 

Trials

Observational 
Studies

Cohort, Case-Control, 
Cross-Sectional

Quasi-Experimental 
Studies

Exploit quasi-random variation to 
estimate causal effects.

• Balance on both observed and unobserved factors
• Observational data: fewer ethical, financial constraints
• Programs evaluated in “real life” not “controlled” setting

Study designs in health research
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Regression discontinuity design (RDD)
• RDD can be implemented when treatment is assigned, in part, 

by a threshold rule on a continuous baseline variable
• Patients presenting just above vs. 

below 200 are similar on observed 
and unobserved characteristics… 

…but assigned different exposures.

If CD4 < 200 or Stage IV, 
initiate HIV therapy;

If CD4 ≥ 200 and no Stage IV, 
return in 6 months

SA National Treatment Guidelines for 
Adults and Adolescents, 2004-2011



RDD in clinical and public health research

• Primer for epidemiologists

• RDD with non-linear & survival models

• First application of RDD to a clinical 
threshold rule in epidemiology / clinical 
sciences: effect of immediate vs. 
deferred ART on survival



CD4 counts at first clinic visit

Source: Bor et al. 2014 Epidemiology

Data from rural 
South Africa



Eligibility affects treatment uptake

Risk difference: β2 = 0.32
95% CI (0.27, 0.38)

Source: Bor et al. 2014 Epidemiology



Regression discontinuity design (RDD)
• RDD can be implemented when treatment is assigned, in part, 

by a threshold rule on a continuous baseline variable
• Patients presenting just above vs. 

below 200 are similar on observed 
and unobserved characteristics… 

…but assigned different exposures.

• Causal effect estimated as difference 
or ratio in predictions at threshold.

• In certain settings, no assumptions about “unmeasured 
confounding factors” are required

If CD4 < 200 or Stage IV, 
initiate HIV therapy;

If CD4 ≥ 200 and no Stage IV, 
return in 6 months

SA National Treatment Guidelines for 
Adults and Adolescents, 2004-2011



Eligibility affects survival

 


Source: Bor et al. 2014 Epidemiology



Thistlethwaite & Campbell 1960
Intervention: “Certificate of Merit” 
awarded to high school students 
competing for National Merit 
Scholarship who scored above a 
threshold on a standardized test.
Outcomes: winning scholarships, 
career plans, intellectualism



RDD in historical perspective
• Program evaluation

• Thistlethwaite & Campbell 1960

• Trochim 1984, 1990

• Shadish, Cook, Campbell 2002

• Cook, Shadish, Wong 2008

• Economics
• Hahn, Todd & Van der Klaauw 2001

• McCrary 2007

• Imbens & Lemieux 2008

• Lee 2008

• Lee & Lemieux 2010



RDD in clinical and public health research
Systematic review 
of empirical RDD 
literature in health

Just 32 empirical 
RDD papers in 
PubMed

Just 2 studies 
looking at clinical 
threshold rules & 
physical health: 
Almond et al. 2009, 
Bor et al. 2014



RDD in clinical and public health research

PubMed search
for “regression 
discontinuity” in 
Sept 2018 
yielded 232 
results, with 48 
already this year.

Increasing interest and use of RDD in health literature
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Causal inference in RD designs
Set-up
• Potential outcomes: Yi(1) if treatment-eligible, Yi(0) if not eligible

• Continuous assignment variable Zi, treatment-eligible if Zi < c

• Potential outcome conditional expectation functions (POCEFs): 
what are the mean potential outcomes for different values of Z? 
E(Yi(1)|Zi) and E(Yi(0)|Zi)



Identification in RD designs

Solid lines are the 
observed data:
E[ Yi | Zi = z ]

Source: Bor et al. 2014, Epidemiology



Causal inference in RD designs
Set-up
• Potential outcomes: Yi(1) if treatment-eligible, Yi(0) if not eligible

• Continuous assignment variable Zi, treatment-eligible if Zi < c

• Potential outcome conditional expectation functions (POCEFs): 
what are the mean potential outcomes for different values of Z? 
E(Yi(1)|Zi) and E(Yi(0)|Zi)

Identification

• In the limit as Z approaches c from below, 

E(Yi|Zi = z) = E(Yi(1)|Zi=c)

• In the limit as Z approaches c from above, 

E(Yi|Zi = z) = E(Yi(0)|Zi=c)



Identification in RD designs

 


 


Source: Bor et al. 2014, Epidemiology



Conditions required for identification
1. Threshold rule exists and c is known

2. Z is continuous near c

3. Key assumption: continuity in E[Y(1)|Z] and E[Y(0)|Z] at c
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Conditions required for identification

Is condition 3 a strong assumption?

• Case 1: geographical boundary determines cigarette tax

• Case 2: laboratory measure on clinical biomarker determines Rx

1. Threshold rule exists and c is known

2. Z is continuous near c

3. Key assumption: continuity in E[Y(1)|Z] and E[Y(0)|Z] at c



Conditions required for identification

Identification off of measurement error (or other random noise)

• Random noise in measured Z guarantees continuity in potential 
outcomes, so long as no direct manipulation (Lee 2008)
• Suppose CD4i,OBSERVED = CD4i,TRUE + ei,  ei random noise

• Observations with CD4i,TRUE = 200 randomly assigned to be </> 200

• Manipulation can be assessed in data (McCrary 2007)

• Support for continuity in POCEFs from baseline observables

1. Threshold rule exists and c is known

2. Z is continuous near c

3. Key assumption: continuity in E[Y(1)|Z] and E[Y(0)|Z] at c



Tests for validity of identifying assumption

• Test 1: The presence of systematic manipulation of the 
assignment variable can be tested.
• If patients (or providers) change their values of Z to gain (or avoid) 

access to treatment, this will result in bunching on one side of the the 
threshold and a discontinuity in f(Z) at c.

• Test for continuity in density of assignment variable (McCrary 2008)



Tests for validity of identifying assumption

• Test 2: Continuity in baseline observables can be assessed
• Just like assessment of balance in RCT

• Systematic imbalance would suggest that treatment assignment was in 
fact non-random.

Lee & Lemieux 2010
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Estimation
• Goal: estimate E[Y|Z] around c, predict E[Y|Z↑c] & E[Y|Z↓c]

 









Estimation
• Goal: estimate E[Y|Z] around c, predict E[Y|Z↑c] & E[Y|Z↓c]

• Local linear regression
• Modeling slopes reduces bias at boundary (Fan & Gijbels 1996)
• Consistent (Hahn, Todd, van der Klaauw 2001)
• Data-driven bandwidth selection (Imbens & Kalyanaraman 2012; 

Calonico, Cattaneo, Titiunik, 2015); show lots of bw’s
• Better than higher order polynomials (Gelman & Imbens 2014)



How should we interpret RDD effect estimates?

• RDD effect = causal effect “at the threshold”

• RDD identifies same causal effect as RCT if:
• Constant treatment effects (common assumption in epidemiology)

• Effects heterogeneous, but independent of Z (e.g. random number)

• If TE heterogeneous, local average causal effect
• Weighted average across true Z* with Z=c

• Local effect often of policy interest: should we change the threshold?
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RDD and health - examples
1. Almond D, Doyle JJ, Kowalski AE, Williams H. Estimating marginal returns to 

medical care: evidence from at-risk newborns. Q J Econ. 2010;125(2):591-634. 
2. Carpenter C, Dobkin C. The effect of alcohol consumption on mortality: regression 

discontinuity evidence from the minimum drinking age. Am Econ J Appl Econ. 
2009;1(1):164-182. 

3. Chen Y, Ebenstein A, Greenstone M, Li H. Evidence on the impact of sustained 
exposure to air pollution on life expectancy from China's Huai River policy. PNAS.
2013, doi/10.1073/pnas.1300018110. 

4. Ludwig J, Miller DL. Does Head Start improve children's life chances? Evidence 
from a regression discontinuity design. Q J Econ. 2007; 122(1):159-208. 

5. Zhao M, Konishi Y, Glewwe P. Does information on health status lead to a healthier 
lifestyle? Evidence from China on the effect of hypertension diagnosis on food 
consumption. J Health Econ. 2013;32(2):367-85. 

6. Anderson S. Legal Origins and Female HIV. Am. Econ. Review. 2018;108(6):1407.
7. Chen H, Li Q, Kaufman JS, Wang J, Copes R, Su Y, Benmarhnia T. Effect of air 

quality alerts on human health: a regression discontinuity analysis in Toronto, 
Canada. The Lancet Planetary Health. 2018 Jan 31;2(1):e19-26.

http://www-ncbi-nlm-nih-gov.ezproxy.bu.edu/pmc/articles/PMC2903901/pdf/nihms180487.pdf
http://www-ncbi-nlm-nih-gov.ezproxy.bu.edu/pmc/articles/PMC2846371/pdf/nihms68174.pdf
http://www-ncbi-nlm-nih-gov.ezproxy.bu.edu/pmc/articles/PMC3740827/pdf/pnas.201300018.pdf
http://qje.oxfordjournals.org.ezproxy.bu.edu/content/122/1/159.full.pdf+html
http://www.sciencedirect.com.ezproxy.bu.edu/science/article/pii/S0167629612001804
https://www.aeaweb.org/articles?id=10.1257/aer.20151047
https://www.sciencedirect.com/science/article/pii/S2542519617301857?via%3Dihub


Almond et al. (2010), Low Birth Weight



Carpenter & Dobkin (2009), Drinking Age



Chen et al. (2013), Huai River Policy



Ludwig & Miller (2007), Head Start



Anderson (2018), women’s property rights 
and HIV risk

Ethnic groups that split national 
boundaries with common v. civil 
law legal origins

Female HIV prevalence

Condom use



Chen (2018), air pollution alerts and ER visits

Air pollution alerts Asthma ER visits



Dague (2017), Medicaid premiums and rates 
of enrollment
Adults are more likely to stay enrolled if they don’t have to pay a premium
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RDD with non-compliance
• What if the threshold rule only applies to some patients?

• What if there are other indications or contra-indications for treatment? 
• What if some patients opt out despite being eligible? Or vice-versa
• Similar to a clinical trial with non-compliance
• Very common. Known as “fuzzy RDD”



Example: HIV treatment eligibility and 
retention in care

Citation: Bor J, Fox MP, Rosen S, Venkataramani A, Tanser F, Pillay 
D, et al. (2017) Treatment eligibility and retention in clinical HIV 
care: A regression discontinuity study in South Africa. PLoS Med 
14(11): e1002463. https://doi.org/ 10.1371/journal.pmed.1002463



Eligibility affects treatment uptake

 

Source: Bor et al. PLOS Medicine 2017



Change in treatment at the threshold is 
not 0 to 100%

 

Source: Bor et al. PLOS Medicine 2017

 





RDD with non-compliance
• What if the threshold rule only applies to some patients?

• What if there are other indications or contra-indications for treatment? 
• What if some patients opt out despite being eligible? Or vice-versa
• Similar to a clinical trial with non-compliance
• Very common. Known as “fuzzy RDD”

• Interpretation
• Effect of being below threshold has an “intention to treat” interpretation
• Effect of treatment itself can be recovered using the threshold rule as 

an instrumental variable, i.e. by scaling the ITT effect by the share of 
patients whose treatment status was determined by the threshold rule, 
so-called “compliers” (Angrist & Imbens 1994).



ITT effect of eligibility on retention in care

 

Source: Bor et al. PLOS Medicine 2017



What was the effect on compliers?
• Compliers: patients whose treatment decision was based 

on the eligibility threshold
• Complier Average Causal Effect (CACE)

CACE = ITT/FS = .17/.25 = .70
• Interpretation: HIV treatment eligibility increased 12-

month retention by 70 percentage points among so-
called “compliers”, i.e. those patients whose treatment 
decision was based on the CD4<350 threshold.

• Under excludability and monotonicity assumptions.
• Among “compliers”, immediate eligibility increased 

retention from 21% to 91%. 

Source: Bor et al. PLOS Medicine 2017



Effect on retention completely missed in RCTs

Benefits of 
immediate 
ART eligibility 
are due to 
behavior, not 
just biology

Source: Bor et al. PLOS Medicine 2017



Recap
• RDD offers rigorous approach to causal inference when 

an exposure is assigned by a threshold rule
• Second only to RCT; “local randomization”

• Increasing use of RDD in public health and medicine
• Clinical thresholds = classic case; other applications too

• RDDs sometimes have benefits over RCTs
• Lower cost, evaluations of difficult-to-randomize interventions
• Population representative data; no opt-in consent
• Real world settings (e.g. control receives true standard of care)

• Key limitation: RDD is not always available
• But threshold rules are more common than you would think



Thank you.

Jacob Bor
jbor@bu.edu

mailto:jbor@bu.edu


Appendix
• Alternate approaches to causal inference
• Details on fuzzy RDD and instrumental variables



Alternate approaches to causal inference 
1. Global ACE is identified under the assumption that functional 

forms of POCEFs are known across full range (Rubin 1977). 
• Linearity under joint normality (Vandenbrouke & Le Cessie, 2014)
• Strong, untestable assumption.

2. Local ACE identified under much weaker assumption that 
POCEFs are continuous
• Unconfoundedness assumption but a weak one.

3. If Z is a random variable and patients cannot precisely 
manipulate Z, local ACE identified without assumptions. 
• “Local randomization” interpretation

Bor J, Moscoe E, Bärnighausen T. (2015). Three approaches to causal inference 
in regression discontinuity designs (Letter). Epidemiology.



An aside: instrumental variables 101

 




Directed Acyclic Graph (DAG)

Simple case: binary IV, binary T
• RCT with non-compliance
• Threshold rule in fuzzy RDD

LATE IV Assumptions
1. First stage: IV causally 

affects T
2. Exchangeability: IV as good 

as randomly assigned
3. Excludability: IV only affects 

Y through T
4. Monotonicity: no “defiers”

Then: LATE (CACE) Identified
Imbens & Angrist (1994)

*Note: economists say “local average treatment effect” (LATE); epidemiologists say “complier average 
causal effect” (CACE); identical concept 



LATE (CACE) Theorem in RDD
1. ITT = E[Y|Z↑c] - E[Y|Z↓c]

2. Consider four latent types. 

ITT = {E[Y|Z↑c,AT] - E[Y|Z↓c,AT]} * Pr(AT)

+ {E[Y|Z↑c,NT] - E[Y|Z↓c,NT]} * Pr(NT)

+ {E[Y|Z↑c,C] - E[Y|Z↓c,C]} * Pr(C)

+ {E[Y|Z↑c,Def] - E[Y|Z↓c,Def]} * Pr(Def)

Latent
Type

Potential
Treatment 
Status, Z↑c

Potential
Treatment 
Status, Z↓c

Always-
taker

T = 1 T = 1

Never-
taker

T = 0 T = 0

Complier T = 1 T = 0

Defier T = 0 T = 1
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= {E[Y|T=1,C,Z=c] - E[Y|T=1,C,Z=c]} * Pr(C) 
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= {E[Y|T=1,C,Z=c] - E[Y|T=1,C,Z=c]} * Pr(C) 

= {E[Y(1)|C,Z=c] - E[Y(0)|C,Z=c]}* Pr(C)

4. CACE = ITT / Pr(C) 
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Type

Potential
Treatment 
Status, Z↑c

Potential
Treatment 
Status, Z↓c

Always-
taker

T = 1 T = 1

Never-
taker

T = 0 T = 0

Complier T = 1 T = 0

Defier T = 0 T = 1

LATE (CACE) Theorem in RDD


	Methods: Mind the GapWebinar Series
	Regression discontinuity designs in public health research
	Who said it?
	Study designs in health research
	Agenda
	Overview of RDD
	Regression discontinuity design (RDD)
	RDD in clinical and public health research
	CD4 counts at first clinic visit
	Eligibility affects treatment uptake
	Regression discontinuity design (RDD)
	Eligibility affects survival
	Thistlethwaite& Campbell 1960
	RDD in historical perspective
	RDD in clinical and public health research
	RDD in clinical and public health research


	Causal inference in RDD
	Causal inference in RD designs
	Identification in RD designs
	Causal inference in RD designs
	Identification in RD designs
	Conditions required for identification
	Tests for validity of identifying assumption

	Estimating RDD treatment effects
	Estimation
	How should we interpret RDD effect estimates?
	Agenda
	RDD and health -examples
	Almond et al. (2010), Low Birth Weight
	Carpenter & Dobkin(2009), Drinking Age
	Chen et al. (2013), HuaiRiver Policy
	Ludwig & Miller (2007), Head Start
	Anderson (2018), women’s property rights and HIV risk
	Chen (2018), air pollution alerts and ER visits
	Dague(2017), Medicaid premiums and rates of enrollment

	RDD with non-compliance
	RDD with non-compliance
	Example: HIV treatment eligibility and retention in care
	Eligibility affects treatment uptake
	Change in treatment at the threshold is not 0 to 100%
	RDD with non-compliance
	ITT effect of eligibility on retention in care
	What was the effect on compliers?
	Effect on retention completely missed in RCTs

	Recap
	Appendix
	Alternate approaches to causal inference 
	An aside: instrumental variables 101
	LATE (CACE) Theorem in RDD



