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Example: The National Merit Scholarship.

Research question: How much benefit does the student
receive from being given support for college?

The naive comparison is horrid: Those who work to get
the NMS are outstanding and those who don’t get it are a
mixed bag.

But there are millions of students who take the PSAT
every year, maybe we can find a subgroup.
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Features of an RD

RD designs can be invalid if individuals can precisely manipulate the
“assignment variable”.

RD design is analogous to a “local” randomized experiment.

The “randomness” comes from the lack of precise control
above and below the cut off line (e.g., didn’t eat breakfast
that morning)

Could be thoughtofasy; ; = 6; + ¢; ;.

(observed score ) — (cut off) = (randomness)

The localness is really important. Think: the exact cutoff
point is a bit arbitrary, but it’s being made in a covariate
that is really important and meaningful for the context.
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Inference: RDs are usually analyzed assuming random
assignment above and below the cutoff point.

While the argument is that being above or below the
cutoff is more or less random, you can enhance your
argument by verifying in the covariates.

Consider matching individuals on covariates.

Then you can perform a permutation based test (e.g., Wilcoxon
signed rank test).

Perform a sensitivity analysis.
Looks much like what we learned in pscore.

Many economists will use some kind of SEM:
Yij = 0i +p*dj+ ¢
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Card and Krueger: minimum wages
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Keele et al: getting the vote out
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https://wwwo.gsb.columbia.edu/mygsb /faculty/research /pubfiles/6137/GeoMatch.pdf

(c¢) Design 3 - Covariates and Distance Match
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Hilt et al.: policy to reduce ADHD meds
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Discuss the randomness
Comes from lack of precise control around the cutoff point.

Is the randomness really unconnected with the variables you are
concerned may be causing confounding?

Consider how far from the cutoff point to use.

Do a Table 1 of above and below cutoft.
Consider matching on covariates to improve balance.

Bottom line: RD tries set up like an RCT. The
randomness, though, is still “off-stage.”

Inference can be done like the pscore set up (sharp RD).
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Several different names

Developed for looking for causes of rare outcomes
Staple of epi

Out-of-favor in modern causal inference

If you're being intellectually lazy then these studies feel a
bit similar to what we’ve been doing.

The structure of argument is much weaker than what
we’ve been doing.



Diagram of what we’ve been doing (start with cause and
look at an outcome) — swap structure and go backward
from outcome to candidate causes.
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Contrast y; = 1,y; = 0. Then compare
behavior of P for the two groups.

Both approaches condition
on the “X”, but match between
very different types of groups.
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candidate outcome
baseline causal pathway

Stanford University
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Match from Y=1 to Y=0 on all baseline characteristics,
POSSIBLY some intermediate variables, but NOT the
candidate causal covariates of interest.

Look for maximal disagreement in candidate causal
covariates.

There are several reasonable critiques (e.g., doesn’t look
like an RCT). But the most devastating: we may not have
the variables we need to answer the question we're
asking. It’s possible we don’t have the correct candidate
causal covariate, and we may capture “causal smoke.”

For the matching we’ve discussed in this class we’ve got all we need:
(d, y). It’s not clear that we have all the d that cause variation in y.
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Natural experiments:

Natural experiments are a type of observational study, that is,
a study of the effects caused by treatments when random
assignment is infeasible or unethical.

What distinguishes a natural experiment from other
observational studies is the emphasis placed upon finding
unusual circumstances in which treatment assignment, though
not randomized, seems to resemble randomized assignment in
that it is haphazard, not the result of deliberation or
considered judgement, not confounded by the typical
attributes that determine treatment assignment in a particular
empirical field.
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regionalizing care for acute type A
aortic dissections

Andrew B. Goldstone, MD,PhD, Peter Chiu, MD, Michael Baiocchi, PhD,
Bharathi Lingala, PhD, Michael P. Fischbein, MD, PhD, Joseph Woo, MD

Stanford University
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FIG. 3. Classification of aortic dissections. In type A the ascending aorta is dis-
sected (a). The intimal tear has always been at position 1, but it can occur at posi-
tions 2 or 3 (see text). In type B dissection the dissection is limited to the descending
aorta (b), and the intimal tear is usually within 2 to 5 ¢m. of the left subclavian

artery.

Daily et al., Ann Thorac Surg, 1970 Stanford University
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Q: What would happen if we regionalized care to
high-volume centers?

Ideally: individually randomize patients to receive
care at high-volume vs low-volume.

Logistically: (i) can’t identify patients until they're at
the facility, (ii) likely unable to get consent because
these patients are so compromised.

Perhaps we could move up to a higher level of
randomization: could work with some hospitals to

have them implement regionalization, others not.
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B Distribution of patients presenting to hospitals with varying transfer rates for acute type A
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D Distribution of patients presenting to hospitals with varying transfer rates to high-volume
centers among hospitals that always transferred patients with acute type A aortic dissection
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A Distribution of United States Hospitals Categorized by Proximal Aortic Surgery Volume, 1999-2010
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Why are hospitals always sending? Always keeping?
Why are hospitals always sending to one type?

We can punt (a little bit) on the above two questions because we can
merely observe that this is, in fact, the case.
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NEMSIS data base: (nearly) all EMS transport records in the USA.
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Table 2. Between-Group Differences in Operative Mortality and Overall Survival for Comparison of Transfer and Regionalization

Operative Mortality

Transferred vs. Stayed (reference)

Rerouted vs. Not Rerouted (reference)*

Group Contrast Measure Estimate 95% Cl P Value Estimate 95% Cl P Value
Absolute Risk Difference (%) -0.62 -2.6-1.34 0.57 -7.5 -10.6--4.4 <0.001
Odds Ratio 0.97 0.87-1.08 0.55 0.68 0.57 - 0.80 <0.001
Number Needed to Treat (no.) - - - 14 9-23 -

Overall Survival

Transferred vs. Stayed (reference)

Rerouted vs. Not Rerouted (reference)

Group Contrast Measure Estimate 95% Cl P Value Estimate 95% Cl P Value
Hazard Ratio (PH model) 1.02 094-1.11 0.64 0.8 0.74 - 0.86 <0.001
Restricted Mean Survival Time 15 years 15 years
Difference (days) -44.9 -141.2-51.5 0.36 232.2 105.2 - 359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.12 1.05-1.18 <0.001
Ratio of Restricted Mean Time Lost 1.02 0.98 - 1.05 0.36 0.93 0.89 - 0.97 <0.001

*Gamma = 1.32 for this comparison. The gamma parameter estimates the amount of unmeasured bias necessary to render
the finding null. For interpretation, sickest patients requiring rerouting (to regionalize care) would need to have a 33%
increased odds of needing to be rerouted (despite matching) in order for the presented findings to be null.

Cl, confidence interval; PH, proportional hazards
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Hazard Ratio (PH model) 1.02 094-1.11 0.64 0.8 0.74 - 0.86 <0.001
Restricted Mean Survival Time 15 years 15 years
Difference (days) -44.9 -141.2 -51.5 0.36 232.2 105.2 - 359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.12 1.05-1.18 <0.001
Ratio of Restricted Mean Time Lost 1.02 0.98 - 1.05 0.36 0.93 0.89 - 0.97 <0.001

*Gamma = 1.32 for this comparison. The gamma parameter estimates the amount of unmeasured bias necessary to render
the finding null. For interpretation, sickest patients requiring rerouting (to regionalize care) would need to have a 33%
increased odds of needing to be rerouted (despite matching) in order for the presented findings to be null.

Cl, confidence interval; PH, proportional hazards
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Odds Ratio 0.97 0.87-1.08 0.55 0.68 0.57 - 0.80 <0.001
Number Needed to Treat (no.) - - - 14 9-23 -

Overall Survival

Transferred vs. Stayed (reference)

Rerouted vs. Not Rerouted (reference)

Group Contrast Measure Estimate 95% Cl P Value Estimate 95% Cl P Value
Hazard Ratio (PH model) 1.02 094-1.11 0.64 0.8 0.74 - 0.86 <0.001
Restricted Mean Survival Time 15 years 15 years
Difference (days) -44.9 -141.2 -51.5 0.36 232.2 105.2 - 359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.12 1.05-1.18 <0.001
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*Gamma = 1.32 for this comparison. The gamma parameter estimates the amount of unmeasured bias necessary to render
the finding null. For interpretation, sickest patients requiring rerouting (to regionalize care) would need to have a 33%
increased odds of needing to be rerouted (despite matching) in order for the presented findings to be null.

Cl, confidence interval; PH, proportional hazards

Stanford University




would regionalizing improve survival?
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Ratio of Restricted Mean Time Lost 1.02 0.98 - 1.05 0.36 0.93 0.89 - 0.97 <0.001

*Gamma = 1.32 for this comparison. The gamma parameter estimates the amount of unmeasured bias necessary to render
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increased odds of needing to be rerouted (despite matching) in order for the presented findings to be null.

Cl, confidence interval; PH, proportional hazards

Stanford University




would regionalizing improve survival?

Stanford University



would regionalizing improve survival?

Using “all of the data.”

Stanford University



would regionalizing improve survival?

Table S7. Propensity Score Analsyis - Between-Group Differences in Operative Mortality and Overall Survival for Comparison of Transfer and Regionalization

Operative Mortality

Transferred vs. Stayed (reference)

High-Volume vs. Low-Volume (reference)*

Rerouted vs. Not Rerouted (reference)**

Group Contrast Measure Estimate 95% Cl P Value Estimate 95% Cl P Value Estimate 95% Cl P Value
Absolute Risk Difference (%) -1.7 -3.2 --0.001 0.03 -6.1 -7.7--45 <0.001 -9.6 -11.4--7.8 <0.001
Odds Ratio 0.9 0.82-0.99 0.03 0.73 0.67 - 0.79 <0.001 0.6 0.54 - 0.67 <0.001
Number Needed to Treat (no.) - - - 17 13-23 - 11 9-13 -

Overall Survival

Transferred vs. Stayed (reference)

High-Volume vs. Low-Volume (reference)*

Rerouted vs. Not Rerouted (reference)**

Group Contrast Measure Estimate 95% Cl P Value Estimate 95% Cl P Value Estimate 95% Cl P Value
Hazard Ratio (PH model) 1.02 0.94-1.11 0.64 0.76 0.71- 0.80 <0.001 0.8 0.74 -0.86 <0.001
Restricted Mean Survival Time 15 years 15 years 15 years
Difference (days) -44 .9 -141.2 -51.5 0.36 300.6 206.4 - 394.7 <0.001 232.2 105.2 -359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.15 1.10-1.20 <0.001 1.12 1.05-1.18 <0.001
Ratio of Restricted Mean Time Lost 1.02 0.98 - 1.05 0.36 0.9 0.88 - 0.93 <0.001 0.93 0.89 -0.97 <0.001

* Gamma =1.31
** Gamma = 1.44

Using “all of the data.”
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Table S7. Propensity Score Analsyis - Between-Group Differences in Operative Mortality and Overall Survival for Comparison of Transfer and Regionalization

Operative Mortality
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Odds Ratio 0.9 0.82-0.99 0.03 0.73 0.67 - 0.79 <0.001 0.6 0.54 - 0.67 <0.001
Number Needed to Treat (no.) - - - 17 13- 23 11 9-13
Overall Survival Transferred vs. Stayed (reference) High-Volume vs. Low-Volume (reference)*| Rerouted vs. Not Rerouted (reference)**
Group Contrast Measure Estimate 95% ClI P Value Estimate 95% Cl P Value Estimate 95% ClI P Value
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Difference (days) -44 .9 -141.2 -51.5 0.36 300.6 206.4 - 394.7 <0.001 232.2 105.2 - 359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.15 1.10 - 1.20 <0.001 1.12 1.05-1.18 <0.001
Ratio of Restricted Mean Time Lost 1.02 0.98-1.05 0.36 0.9 0.88 - 0.93 <0.001 0.93 0.89 - 0.97 <0.001

* Gamma = 1.31
** Gamma = 1.44

Using
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Table S7. Propensity Score Analsyis - Between-Group Differences in Operative Mortality and Overall Survival for Comparison of Transfer and Regionalization

Operative Mortality

Transferred vs. Stayed (reference)

High-Volume vs. Low-Volume (reference)*

Rerouted vs. Not Rerouted (reference)**

Group Contrast Measure Estimate 95% CI P Value Estimate 95% Cl P Value Estimate 95% CI P Value
Absolute Risk Difference (%) -1.7 -3.2 --0.001 0.03 6.1 -7.7-45 <0.001 9.6 -11.4--78 <0.001
Odds Ratio 0.9 0.82-0.99 0.03 0.73 0.67 - 0.79 <0.001 0.6 0.54 - 0.67 <0.001
Number Needed to Treat (no.) - - - 17 13- 23 11 9-13

Overall Survival
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High-Volume vs. Low-Volume (reference)*

Rerouted vs. Not Rerouted (reference)**

Group Contrast Measure Estimate 95% ClI P Value Estimate 95% Cl P Value Estimate 95% ClI P Value
Hazard Ratio (PH model) 1.02 0.94-1.11 0.64 0.76 0.71- 0.80 <0.001 0.8 0.74 - 0.86 <0.001
Restricted Mean Survival Time 15 years 15 years 15 years
Difference (days) -44.9 -141.2 -51.5 0.36 300.6 206.4 - 394.7 <0.001 2322 105.2 -359.1 <0.001
Ratio 0.98 0.94-1.02 0.36 1.15 1.10 - 1.20 <0.001 1.12 1.05-1.18 <0.001
Ratio of Restricted Mean Time Lost 1.02 0.98-1.05 0.36 0.9 0.88 - 0.93 <0.001 0.93 0.89 -0.97 <0.001

* Gamma = 1.31
** Gamma = 1.44
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Table S7. Propensity Score Analsyis - Between-Group Differences in Operative Mortality and Overall Survival for Comparison of Transfer and Regionalization

Operative Mortality

Transferred vs. Stayed (reference)

High-Volume vs. Low-Volume (reference)*

Rerouted vs. Not Rerouted (reference)**

Group Contrast Measure Estimate 95% ClI P Value
Absolute Risk Difference (%) -1.7 -3.2 --0.001 0.03
Odds Ratio 0.9 0.82-0.99

Mumber Needed to Treat (no.)

0.03

Overall Survival

Transferred vs. Stayed (reference)
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Briefly consider the example of (1994):

New Jersey minimum wage increased, but
Pennsylvania’s did not. Looked at fast food
restaurants near the border of the two states.
Wanted the impact on employment.
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Briefly consider the example of (1994):

New Jersey minimum wage increased, but
Pennsylvania’s did not. Looked at fast food
restaurants near the border of the two states.
Wanted the impact on employment.

Belief is that the restaurants were the same before the
change, and would have continued but for the minimum
wage change.

Design consideration: try to look at “burn in” period

prior to the intervention. The more you can get the two

groups similar prior, the easier your case will be.
Researchers end up using matching a lot in diff-in-diff designs.
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In a structural equation model approach:

Vit =Bo+ Bty + Pa*di + Pragt; *d; + &
where t is time (pre=0, post=1) and d is the intervention

(control=0,intervention=1) and t; * d; is an interaction
term.



In a structural equation model approach:

Vit =Bo+ Bty + Pa*di + Pragt; *d; + &
where t is time (pre=0, post=1) and d is the intervention

(control=0,intervention=1) and t; * d; is an interaction
term. The quantity of interest is B;.4.
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Takeaway: difference-in-difference approaches try to
reduce the variation in your estimate due to unit-to-unit
differences. It does this by focusing on differencing a pre-
treatment and post-post measurement.

Keep in mind: diff-in-diff is an approach that can often
be pared with other aspects of design (e.g., pscore
matching, IVs, RCTSs).

If you have the data available then doing a diff-in-diff is
usually a good idea. (Personally, I've never seen a
situation where the diff-in-diff was worse.)



