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Governments, health systems, and payers often adjust ap-
proaches to health care delivery and payment with the objective of
improving outcomes or reducing costs. To isolate and estimate the
effects of these interventions, researchers use strategies devel-
oped for nonrandomized studies. A common approach focuses on

difference-in-differences, con-
trasting the change in the out-
come of interest from before the
intervention to after, between
settings experiencing and not
experiencing the intervention.1

The difference-in-differences strategy is often used when an inter-
vention or treatment is applied at a group level—for example, when
a hospital or state implements a new policy that is not imple-
mented in other hospitals or states—and when outcomes in both the
treated and untreated groups are available before and after the in-
tervention in either longitudinal or repeated cross-sectional data.

In JAMA Internal Medicine, Huckfeldt and colleagues2 re-
ported a study of intensive lifestyle interventions for patients with
type 2 diabetes on long-term labor market outcomes. Although the
intervention was evaluated in a randomized clinical trial, a nonran-
dom subset of participants agreed to long-term follow-up and was
included in this subsequent study. Huckfeldt et al2 used a difference-
in-differences analysis to account for some baseline differences be-
tween treated and untreated groups.

Why Is a Difference-in-Differences Strategy Used?
A difference-in-differences identification strategy is used to answer the
causal question, “What was the effect of the intervention in the treated
group or groups, compared with what would have happened without
theintervention?”Thequantitytobeestimated—thetargetestimand—
is typically the average treatment effect on those who were treated
(“theaveragetreatmenteffectonthetreated,”abbreviatedATT).1,3 This
may differ from the average treatment effect that would be observed
in untreated groups or the overall population.

A difference-in-differences analysis accounts for several sources
of bias that may arise with simpler designs. A pre-post analysis com-
paring outcomes before and after an intervention in the treated
group alone can be biased by unrelated trends (eg, hospital market
consolidation, economic trends). An analysis comparing outcomes
in treated and untreated groups at a single point after the interven-
tion may be biased by baseline differences between groups (eg, pre-
intervention differences in hospital quality or state resources). By
comparing the changes before the intervention to after the inter-
vention between treated and untreated groups, ie, calculating the
difference-in-differences, investigators account for both baseline dif-
ferences between groups that are stable over time and any time
trends shared across groups.

For a difference-in-differences estimate to have a causal inter-
pretation, several assumptions are required.1,3 These include that first,
in the absence of the intervention, outcomes would have evolved on
average the same way in treated and untreated groups of individuals

over the period from before to after the intervention (“parallel trends”).
Second, the treatment status of each group does not affect the treat-
ment status or outcomes of the others (“no spillovers” or “no inter-
ference”). Third, treated groups do not change their behavior before
the intervention takes effect (“no anticipation”). When these assump-
tions hold, the average change in outcomes in the untreated group
can stand in for what would have happened in the treated group with-
out the intervention; therefore, the difference-in-differences estima-
tor is unbiased for the average treatment effect on the treated.

How Is a Difference-in-Differences Analysis Performed
and Evaluated?
In its simplest form with 2 groups and 2 time periods, the treat-
ment effect estimate from a difference-in-differences analysis could
be calculated in 2 ways. One could first calculate the change from
before to after treatment in each group and then, second, subtract
the pretreatment to posttreatment change in the untreated group
from that in the treated group. Alternatively, one could first calcu-
late the differences between the treated and untreated groups be-
fore and after the treatment and then, second, subtract the pre-
treatment difference from the posttreatment difference. These 2
calculations are mathematically equivalent.

However, in practice, difference-in-differences analyses are typi-
cally implemented with regression techniques, with the choice of the
regression model depending on the statistical and causal assump-
tions. While models with fixed effects for time and treatment group
and a treatment group by post period interaction can be used in simple
cases, recent work has developed alternative regression specifica-
tions for more complex situations, eg, when an intervention is ad-
opted by different groups at different times, when incorporating co-
variates, or when treatments are continuous rather than binary.1,3,4

Researchers should calculate standard errors to reflect clustering at
the level of treatment (eg, for each state when evaluating state
policies).1,3 Common clustered standard error estimators require both
many treated and many untreated clusters to avoid inappropriately
narrow confidence intervals. If there are too few clusters, research-
ers should consider alternatives like the wild cluster bootstrap.5

To evaluate the appropriateness of drawing causal conclusions
from difference-in-differences analyses, researchers should consider
the underlying assumptions, especially parallel trends. Because these
assumptions cannot be directly tested, researchers generally draw on
both context and preintervention data to support their plausibility.1,3

Ideal untreated comparison groups have outcomes driven by the same
underlyingtrendsandaresubjecttothesameeffectsofexternalevents
as treated groups. For example, researchers might choose untreated
comparison groups from the same health care market as the treated
groups. Time-varying factors that affect the treated and untreated
groups differently could introduce bias. Researchers may also provide
a rationale for why treated and untreated groups would likely have fol-
lowed parallel trajectories absent intervention.

Further evidence for the plausibility of the parallel trends as-
sumption is often sought by studying preintervention trends in the
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outcomes of the treated and untreated groups. Although parallel pre-
intervention trends do not guarantee that parallel trends would have
continued absent intervention, these can provide some reassur-
ance that untreated outcomes in both groups followed similar paths
in recent history. Traditionally, researchers evaluated the parallel
trends assumption by testing a hypothesis of no difference in trends
prior to an intervention.6 However, these tests are often underpow-
ered and likely to miss meaningful violations of parallel trends.1,3 In-
stead, authors can quantify the magnitude of violations of the as-
sumption that can reasonably be ruled out, eg, with noninferiority
tests or confidence intervals, or conduct sensitivity analyses of how
possible violations would impact treatment effect estimates.1,3

A widely used approach for examining preintervention trends is
an event study. Event studies consist of a series of separate difference-
in-differences analyses, keeping the definition of the pretreatment (or
reference) period constant—typically the time just before the inter-
vention of interest—but varying the period being compared across
both pretreatment and posttreatment points.1,3 Analyses compar-
ing 2 periods that occur before the real treatment (leads) should yield
results near zero if the parallel trends assumption holds. Leads can also
be examined for potential anticipation effects (eg, after a policy was
announced but before implementation).

Postintervention event study estimates—in which different pe-
riods after the true intervention are compared with the preinter-
vention period—show time trends in treatment effects and can also
lend credence to a causal relationship. For instance, estimated ef-
fects may appear immediately after the intervention introduction
or grow slowly. These patterns should be evaluated for plausibility,
given policy implementation and hypothesized mechanisms.

What Are Limitations of Difference-in-Differences Studies?
Difference-in-differences can only be used when there are un-
treated groups and therefore cannot evaluate interventions that
affect everyone simultaneously (eg, many national policies). A causal
interpretation is also complicated when multiple related policies
change over a similar period. Last, difference-in-differences may be
less appropriate when the outcomes are unusually variable over time
(eg, due to COVID-19 in the preintervention period).

When the parallel trends assumption is implausible, research-
ers may choose different untreated comparison groups for which
the assumption is more plausible. Alternatively, they may try to quan-
tify how violation of the parallel trends assumption would affect the
results by extrapolating preintervention trends seen in each group
to the postintervention period or using other sensitivity analyses.7,8

How Was Difference-in-Differences Used by Huckfeldt et al?
In Huckfeldt et al,2 approximately 60% of participants in the ran-
domized trial agreed to data linkage necessary for long-term follow-
up. Overall, in this subsample, the treated and untreated groups re-
mained similar. The primary outcomes of employment and receipt
of federal disability benefits for 3091 participants were compared
for 7 years before and 13 to 15 years after participation in the ran-
domized trial.2 The difference-in-differences analysis model in-
cluded study year fixed effects, an indicator for treatment group at
baseline, the effect of treatment over time, and additional variables.2

How Should the Analysis Be Interpreted?
Huckfeldt et al2 found a 2.9 (95% CI, 0.3 to 5.5) percentage-point
increase in employment among individuals who received the inten-
sive lifestyle intervention, with a smaller, statistically insignificant
impact on receipt of disability benefits (−0.9 percentage points
[95% CI, −2.1 to 0.3]). The authors’ preintervention event study es-
timates, or leads, were close to zero with relatively narrow confi-
dence intervals and lacked a trend over time, lending confidence to
the idea that preintervention outcomes were evolving in parallel
(eFigures 3 and 4 in the Supplement to Huckfeldt et al2). Sensitivity
analyses demonstrated stability of the estimated treatment ef-
fects across different subgroups and model specifications (eg, dif-
ferent pre periods and fixed effects). The absence of an effect
among college-educated participants, who were less likely to hold
physically demanding jobs and thus less likely to experience em-
ployment effects from the lifestyle intervention, served as an infor-
mal placebo test supporting the proposed mechanism. Taken to-
gether, these results support the conclusion that the lifestyle
intervention led to a modest increase in employment rates among
the treated.
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