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In the May 3, 2019, issue of JAMA Network Open, Sukul and
colleagues1 used a regression discontinuity design (RDD) study to
determine if a 2011 change in Medicare policy, expanding the num-
ber of secondary diagnostic codes allowed in Medicare billing from
9 to 24, was associated with a change in the observed disease se-
verity of Medicare patients, independent of any real change in these
patients’ medical condition.

The apparent disease severity, based on secondary diagnostic
codes, might increase because of real changes in the overall dis-
ease burden over time, as an artifact from the listing of additional
codes due to the greater number allowed, or some combination
these factors. The RDD is a method for separating the contribution
of the abrupt change in policy—discontinuity—to observed in-
creases in outcomes from the contribution of other factors that may
produce more gradual changes.2

Use of the RDD Method
Why Is an RDD Study Used?
The RDD method is used to study the outcomes related to an
abrupt change when it is not possible to randomly assign patients
to the conditions before and after the change. A goal of an RDD is
to minimize the effect of confounding on the estimated effect of
a policy or treatment change.2 Unobserved confounding is par-
ticularly concerning in nonrandomized studies because this bias
cannot be completely removed using conventional statistical
methods, such as regression or propensity score–based analysis.3

An RDD attempts to minimize the risk for unobserved confound-
ing when generating the association between an exposure and
the change in the outcome of interest.4

Description of the RDD Method
The RDD approach relies on having a continuous variable, the “run-
ning variable,” for which the levels above a certain cutoff abruptly
change the probability of receiving one treatment or the other,
resulting in a “natural experiment.” The 2011 change in Medicare
policy for secondary diagnosis codes represents just such a natural
experiment, and calendar time represents the running variable.
Because the presence of potentially confounding factors should be
the same immediately around the date when the policy change
occurred, estimates of the effect of the change at the cutoff point
should not be substantially confounded.5

To evaluate the relationship of the change with the outcome
of interest, the outcome is first estimated for patients above the
cutoff as the value of the running variable approaches the cutoff
from above. The same outcome is then estimated for patients
below the cutoff as the value of the running variable approaches
the cutoff from below. The difference in these estimates, with
both estimates extrapolated to hypothetical patients right at the
cutoff, quantifies the association between the change and the out-
come at the discontinuity.2,5

An RDD requires a continuous running variable that separates
patients into 2 groups; the running variable is not always time. For
example, because of practice guidelines, newborns just below
1500 g of birth weight are much more likely to be admitted to the
neonatal intensive care unit (NICU) than those just above. Infants
born at 1499 g and 1501 g should be essentially identical. Thus, an
RDD can be used to understand the association between NICU care
and birth outcomes.6

To estimate the difference between the outcomes of infants of
close to 1500-g weight attributable to NICU care, separate regres-
sion analyses of infants below and above the cutoff would be con-
ducted. One regression estimates the outcomes of hypothetical
1500-g infants, based on infants with weights greater than 1500 g
(including some substantially heavier infants).6 A second regres-
sion estimates the outcomes of hypothetical 1500-g infants, but
based on infants with weights less than 1500 g (including some
substantially lighter infants). In each case, although the regression
is based on data from infants with weights different than 1500 g,
the regression is used to predict the outcomes for a 1500-g infant.
The difference in outcomes for 1500-g infants predicted using the
greater-weight and lesser-weight NICU cohorts is the RDD estimate
of the association of NICU care with outcomes.

The RDD approach can be extended to more complex situa-
tions, for example, cases in which the relationship ascribed to the
running variable is not absolute (eg, fuzzy), meaning there may be
some patients with values near the cutoff who may receive either
treatment, or cases in which patients are followed up over time and
some of the same patients contribute results both before and after
the time cutoff. The first case might occur when examining the as-
sociation between blood transfusion and outcomes, with the he-
moglobin value used as the running variable, because patients with
hemoglobin values near the transfusion threshold may or may not
be transfused based on other clinical consideration. The second case
might occur when studying a change in a practice guideline for the
care of chronic pain on opioid use, because some patients may re-
ceive care and be followed up both before and after the change in
practice guideline.

Limitations of the RDD Method
A number of assumptions must be satisfied for an RDD to be valid.
For example, while there should be an abrupt change in the treat-
ment (or policy) received below and above the threshold, an as-
sumption of the RDD approach is that there are no abrupt changes
in the relationship between the running variable and the treatment
or outcome except at the discontinuity threshold. This helps en-
sure the validity of the regressions conducted using data from each
group. For example, the relationship between NICU admission and
birth weight should be smooth (likely decreasing with increasing birth
weight), with no abrupt changes except at 1500 g. A similar consid-
eration would apply to clinical outcomes and birth weight.
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A second assumption is that no one in the capacity of allocat-
ing the treatment or influencing outcomes can manipulate the
running variable. For example, a practitioner might alter the
recorded birth weight to influence the admission of an infant to
the NICU. To test this assumption, patterns of treatments may be
examined to determine whether there are any unexplained pat-
terns in the running variable near the threshold that might sug-
gest external manipulation.

The generalizability of estimates of treatment effects based on
RDDs may be limited because valid estimates can only be gener-
ated for patients close to the running variable’s threshold. Thus, the
relationship between Medicare coverage and outcomes using an
RDD with age as the running variable with age 65 years as the cut-
off may be generalizable to 64-year-olds in a study comparing 64-
and 66-year-olds, but that estimate would not generalize to
40-year-olds.

How Was the RDD Method Used?
The study by Sukul and colleagues1 examined whether the number
of available secondary diagnosis coding positions (treatment)
was associated with the number of condition categories coded
(outcome) for all hospital discharges of Medicare fee-for-service
beneficiaries between 2008 and 2015. Because clinicians were
allowed to use more secondary diagnosis coding positions starting

in 2011, a simple comparison of the average number of secondary
diagnoses before and after 2011 might be biased because of real
changes in the patient population over time—such as an increasing
burden of disease—that would influence the number of diagnoses
made. Thus, the authors exploited a natural experiment using an
RDD with date of the hospital discharge as the running variable.

How Should the Analysis Based on the RDD Method
Be Interpreted?
Sukul and colleagues1 found that the unadjusted mean number of
condition categories coded increased from 1.7 in 2008 to 2.7 in
2015. This observed increase likely represents a combination of
secular changes and the relationship with the change in Medicare
coding rules. Based on the RDD used, adjusting for time, there
was an increase of 0.4 diagnostic codes at the discontinuity of the
2011 coding policy change. The authors concluded that the 2011
expansion in the number of secondary diagnosis coding positions
was associated with an increase in the estimated severity of ill-
ness of hospitalized Medicare beneficiaries. The RDD allowed the
authors to separate the association of secular changes from the
association of the change in the Medicare rule with the number of
diagnoses recorded. This result aids in the quantitative compari-
son of illness severity in the patient populations treated before
and after 2011.
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