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When using observational data to learn about the effect of an in-
tervention, unmeasured differences between patients who re-
ceive different interventions can confound estimates of treatment
effects.1 Regression discontinuity (RD) approaches can address this

problem when treatment (eg, in-
tervention, program, or policy)
depends on whether a patient
measurement—such as a labo-
ratory test result—crosses a pre-
specified threshold.2 This mea-

surement is often called the score or running variable in RD analyses.
Threshold-based medical guidelines therefore create opportuni-
ties to use RD approaches in clinical research.3

Goulden and colleagues used an RD analysis to study the ef-
fect of contrast-enhanced computed tomographic pulmonary
angiography (CTPA) on kidney function among patients undergo-
ing D-dimer testing for suspected pulmonary embolism.4 Typical
clinical guidance at the time recommended CTPA when the D-dimer
level was above 500 ng/mL, with some hospitals using a 460- or
470-ng/mL cutoff. The analysis compared patients with D-dimer lev-
els just above and below the cutoff, using estimated glomerular fil-
tration rate (eGFR) as the measure of kidney function.

Why Are RD Approaches Used for Identifying Causal Effects
in Observational Studies?
When treatment assignments are not randomized, patient groups
receiving different treatments often differ in terms of both mea-
sured and unmeasured characteristics that influence the outcome.
Adjusting only for measured characteristics may not control for con-
founding by unmeasured characteristics. When treatment eligibil-
ity or treatment recommendation changes at a cutoff, patients with
scores just above and below the cutoff are often likely to be similar
in both their measured and unmeasured baseline characteristics.5

An RD analysis compares those 2 groups to obtain a valid estimate
of the treatment effect.

How Does an RD Approach Work and How Is It Evaluated?
The key assumption that justifies an RD analysis is the comparabil-
ity of patients with measurements just below and above the cutoff.
This assumption can be formalized in 2 ways: a continuity frame-
work or a local randomization framework. Under the continuity
framework, the average outcomes patients would experience un-
der each intervention are assumed not to change abruptly at the cut-
off, and therefore a jump in observed average outcomes at the cut-
off can be attributed to the change in treatment.6 Under the local
randomization framework, whether a patient’s score falls above or
below the cutoff is assumed to be randomly assigned within a small
region around the cutoff, permitting the use of analytic methods simi-
lar to those for randomized trials.7

An RD approach is called sharp when every patient receives the
intervention indicated by the threshold rule and fuzzy when adher-
ence to the rule is imperfect. In a sharp RD approach, the causal ef-
fect of interest is the average treatment effect for patients at or near
the cutoff because there is no difference between the rule-defined
treatment and the treatment received.6

In contrast, a fuzzy RD approach yields 3 related causal effects.
The first is the effect of the threshold rule on the probability of re-
ceiving the intervention, called the first-stage effect or take-up effect.
This effect is a measure of the concordance—or lack thereof—
between actual care and care dictated by the rule. The second causal
effect is the effect of the threshold rule on the outcome, analogous
to the intention-to-treat effect of randomized treatment assign-
ment on the outcome in a randomized clinical trial.8 The third causal
effect is the effect of receiving the intervention among the com-
plier subgroup, namely those patients whose intervention was
changed because their score fell above rather than below the cut-
off. Estimating this effect, known as the complier average treat-
ment effect, requires making additional assumptions for causal
interpretation.7

An RD analysis requires data on the score and outcome, knowl-
edge of the cutoff, and, for a fuzzy RD analysis, data on the inter-
vention actually received. Baseline characteristics are also useful
for evaluating the key RD assumption of comparability near the cut-
off. The analysis focuses on patients within a small window around
the cutoff. Under the continuity framework, separate local linear
regressions of the effect of the score on the outcome are fitted
above and below the cutoff, with the score centered at the cutoff.
Each intercept estimates the average outcome at the cutoff on its
side, and the difference between the intercepts is the estimated
average effect of treatment assignment on the outcome. Under the
local randomization framework, the effect of the threshold rule is
commonly estimated by comparing average outcomes just above
and below the cutoff within the chosen window. For a fuzzy RD
analysis, under either framework, the complier average treatment
effect is estimated by dividing the effect of the threshold rule on
the outcome by its effect on the probability of receiving the
intervention.6,7

To evaluate an RD analysis, investigators can use falsification
checks that can reveal patterns inconsistent with the key RD as-
sumption of comparability near the cutoff. The main check, analo-
gous to evaluating covariate balance in a randomized clinical trial,
is whether important baseline characteristics show a discontinuity
(or jump) at the cutoff because, in a valid RD analysis, they should
not. Other checks examine whether the distribution of scores jumps
at the cutoff, conclusions are similar across reasonable window
choices around the cutoff, apparent effects occur at artificial cut-
offs where the treatment rule does not change, and results change
after excluding observations closest to the cutoff. These checks

Editor's Note

CME at jamacmelookup.com

Clinical Review & Education

JAMA Guide to Statistics and Methods

jama.com (Reprinted) JAMA Published online November 2, 2026 E1

© 2026 American Medical Association. All rights reserved, including those for text and data mining, AI training, and similar technologies.

Downloaded from jamanetwork.​com by Princeton University user on 11/​02/​2026

https://jamanetwork.com/journals/jama/fullarticle/10.1001/jama.2026.22318?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=
https://edhub.ama-assn.org/jn-learning/module/10.1001/jama.2026.22316?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=
https://edhub.ama-assn.org/jn-learning/module/10.1001/jama.2026.22316?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=
http://www.jama.com?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jama.2026.22316


cannot prove that an RD analysis is valid, but they can reveal evi-
dence against its assumptions.6

What Are the Limitations of RD Analysis?
An RD analysis requires a known threshold rule that changes eligi-
bility for, recommendation of, or receipt of an intervention. Al-
though RD analyses can be extended to more complex settings, in-
cluding those involving multiple cutoffs,9 many clinical questions do
not arise from threshold-based decisions. Randomized clinical trials
or other observational approaches must be used in those settings.

Even when an RD approach is applicable, causal interpretation
may fail if patients or clinicians can influence the score, its timing,
or how it is measured or recorded to obtain a preferred interven-
tion because patients just above and below the cutoff may then dif-
fer systematically. Interpretation is also difficult when another as-
pect of care or policy changes at the same cutoff because any jump
in the outcome cannot be uniquely attributed to the intervention
of interest.

RD estimates rely primarily on observations close to the cutoff.
Consequently, even a large study may yield imprecise estimates if
few patients lie near the cutoff or, in a fuzzy RD analysis, if crossing
the threshold only slightly changes the probability of receiving the
intervention. Moreover, the estimated effects are local: they apply
to patients at or near the cutoff and may not generalize to patients
with substantially different scores. Extrapolation beyond the cut-
off requires making additional strong assumptions.

How Did Goulden and Colleagues Apply RD?
Goulden and colleagues studied 156 028 emergency department pa-
tients who underwent D-dimer testing for suspected pulmonary em-
bolism. Patients with D-dimer levels above the applicable cutoff were
much more likely to receive contrast-enhanced CTPA than those

below it, but adherence to this cutoff was imperfect, so the au-
thors used a fuzzy RD analysis.4

The study illustrates how comparisons near the cutoff can re-
duce confounding. Across the full sample, patients whose D-dimer
levels were above the cutoff were, on average, approximately aged
60 years, compared with 50 years among those whose levels were
below the cutoff, a difference that could confound comparisons of
kidney function. Near the cutoff, the age difference was much
smaller, and other measured baseline characteristics were also
similar.4 Manipulation of the score was unlikely because patients
could not control their measured D-dimer levels.

Using local linear regressions on either side of the cutoff, the in-
vestigators estimated (1) the effect of crossing the D-dimer cutoff on
long-term eGFR and (2) the effect of receiving contrast-enhanced
CTPA among patients whose receipt of CTPA was induced by the
threshold rule—the complier average treatment effect.

How Should the Goulden Study Be Interpreted?
The estimated effect of crossing the D-dimer cutoff on long-term
eGFR was −0.1 mL/min/1.73 m2 (95% CI, −1.2 to 1.1). The estimated
complier average treatment effect of receiving contrast-enhanced
CTPA was −0.4 mL/min/1.73 m2 (95% CI, −4.9 to 4.0).4 Both esti-
mates were close to 0 and both 95% CIs include no effect. Assum-
ing the RD and fuzzy RD assumptions hold, these results provide no
evidence that contrast-enhanced CTPA harms long-term kidney func-
tion among patients with D-dimer levels near the cutoff whose
receipt of CTPA was affected by the threshold rule. They do not es-
tablish the absence of harm for all patients: the 95% CIs for the com-
plier effect allow for both decreases and increases in eGFR, and the
estimate may not generalize to patients with substantially differ-
ent D-dimer levels or those whose receipt of CTPA would not change
at the cutoff.
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