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Given the complex relationships between patients’ demographics, underlying health needs, and
outcomes, establishing the causal effects of health policy and delivery interventions on health
outcomes is often empirically challenging. The single interrupted time series (SITS) design has
become a popular evaluation method in contexts where a randomized controlled trial is not
feasible. In this paper, we formalize the structure and assumptions underlying the single ITS
design and show that it is significantly more vulnerable to confounding than is often
acknowledged and, as a result, can produce misleading results. We illustrate this empirically
using the Oregon Health Insurance Experiment, showing that an evaluation using a single
interrupted time series design instead of the randomized controlled trial would have produced
large and statistically significant results of the wrong sign. We discuss the pitfalls of the SITS
design, and suggest circumstances in which it is and is not likely to be reliable.
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Introduction

Given the complex relationships between patients’ demographics, underlying health needs, access
to care, and health outcomes, establishing the causal effects of health policy and delivery interventions on health outcomes is often empirically challenging. While randomized controlled trials
(RCTs) remain the gold standard for assessing the unbiased causal effect of an intervention on
health outcomes, there are many situations in which an RCT is deemed too complex, expensive, unethical, or simply infeasible to implement. There are a wide range of quasi-experimental
techniques available that aim to address the challenges of causal inference in the absence of a
randomized control group. The single interrupted time series (SITS) approach uses longitudinal
data from before an intervention to construct a counterfactual (what the trend would look like in
the absence of an intervention) that is compared to the actual trend seen afterwards to estimate
the intervention’s effect. SITS has been promoted as a plausible quasi-experimental design because of this use of longitudinal data and pre-intervention trends [11, 50, 60]. In addition, SITS is
one of few quasi-experimental study designs that does not require an explicit comparison group
[22, 41, 44, 57, 65, 72, 76].
The strength of this approach hinges on its ability to produce reliable estimates of program
impacts, and SITS relies on a set of assumptions that must be met in order to produced unbiased
results [67]. While these assumptions have been well documented, there has been little research
on whether they hold in practice and on the empirical consequences of their violation. This paper
provides an empirical test of the SITS design by using data from the treatment group of an RCT
to construct a SITS estimate, comparing that SITS estimate to the results from the RCT itself, and
using that comparison to shed light on the strengths – and hazards – of the approach.
We use data from the Oregon Health Insurance Experiment [27], a large-scale RCT begun in 2008.
This study measured the effect of receiving Medicaid (a means-tested health insurance program
in the United States) on a variety of outcomes. One of the central findings of this study was that
receiving Medicaid substantially increased utilization of emergency department (ED) services in
the treatment group relative to the randomly assigned control group [73]. In this paper, we show
that, had a SITS design been used to evaluate the effect of Medicaid instead of the RCT design,
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we would instead have found a large reduction in ED utilization. Not only do the SITS estimates
have the wrong sign (relative to the “gold standard” RCT estimates) – they are often substantial
in magnitude. Our SITS estimates are robust to multiple approaches intended to account for bias
that are suggested in the SITS literature. We conclude with a discussion of the potential causes
of this divergence and the implications for use of SITS by health researchers and policy analysts.

2
2.1

Within-study comparisons
Rationale

Within-study comparisons (WSCs) emerged out of an explosion of program evaluations funded by governments and non-profit organizations starting in the 1970s [12]. The vast array of
programs, contexts, and populations involved were often not amenable to randomized designs,
leading to an interest in the internal validity of alternative strategies. Debates over which quasiexperimental study designs (if any) could reliably produce unbiased estimates of program impact
resulted in a proliferation of studies wherein evaluation designs themselves were the subject of
inquiry.
While formal derivations have outlined the conditions under which a given design performs
well [67], WSCs aim to empirically test whether or not these requirements hold in practice. By
quantifying the magnitude of bias introduced by a particular threat to internal validity, WSCs
illustrate what would have happened if a program had been evaluated with an alternative design.
This allows researchers to determine whether the degree of bias introduced would have led to a
different conclusion along a policy-relevant margin [35].

2.2

Structure

Figure 1 outlines the structure of a typical WSC. In contrast to meta-analyses and “between-study
comparisons” [37], which compare the results of different studies, WSCs consist of conducting
two separate analyses of the same data. This has traditionally involved the following steps (note
that these steps are not necessarily performed by the same individual):
2

1. Conduct a randomized trial;
2. Take only the “Treatment” group of the RCT, leaving the randomized “Control” group
aside;
3. Generate a “Comparison” group using a quasi-experimental technique;
4. Estimate the impact on a given outcome using the RCT data (Treatment versus Control)
and using the quasi-experimental data (Treatment versus Comparison);
5. Compare the impacts using some metric for concordance between designs.

Randomized Trial
Treatment Group (RCT)

Within-Study
Comparison

Control Group

–

RCT effect

=?
Quasi-Experimental Design
Treatment Group (RCT)

Comparison Group

Quasi-experimental
effect

–

Figure 1: Structure of a within-study comparison

While this description captures the essence of WSCs in broad strokes, there is wide variation in
the details of each step in the literature. For example, the nature of the “Comparison” group in
step three depends largely on the quasi-experimental approach being used. Also, each analysis in
step four is ideally conducted by separate groups without knowledge of the other’s results [19],
but this is complicated somewhat by the timing of each analysis and available resources. Some
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studies do away with the treatment group altogether, and simply compare the outcomes of a
randomized control group with a quasi-experimentally determined comparison group [12]. The
comparison in step five can also take many forms. Single interrupted time series, for example,
relies on an extrapolation of pre intervention trends to construct a counterfactual rather than
relying on a separate sample for its comparison group.

2.3

Within-study comparisons in the social science literature

The first, and perhaps most influential, instance of a WSC is LaLonde’s 1986 study of the National
Supported Work Demonstration, an experiment that measured the impact of a randomly allocated training program on earnings [51]. In it, LaLonde took the study’s experimental treatment
group and compared it to two non-experimental control groups drawn from national surveys.
LaLonde controlled for age, education, and race, and found large differences in estimated effects.
These differences were mitigated somewhat by controlling for pre-treatment earnings, by limiting the sample to female participants, and by using two-step Heckman selection models. The
general conclusion of the paper, however, was that econometric methods to control for bias were
insufficient substitutes for RCTs.
LaLonde’s study was not without its critics. Its detractors pointed out that the comparison
group was drawn from national surveys, not from the same locality of the treatment group
[19]. Subsequent studies reanalyzed LaLonde’s results using updated methodology. Dehejia and
Wahba (1999) used propensity score matching (PSM) to generate a matched comparison group,
which brought results much closer to experimental estimates [21]. However, a later study by
Smith and Todd found that these results were very sensitive to researcher decisions, including the
set of covariates used to generate the propensity score and the sample from which the matched
sample was drawn [69], a finding consistent with a simulation of misspecified propensity score
models [23].
Many WSCs have been conducted since LaLonde’s original study, focusing on various quasiexperimental techniques. These have most commonly focused on matching methods [9, 12, 14,
29–31, 35, 38, 59, 62, 68] and the regression discontinuity (RD) design [1, 10, 16, 20].
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Of note to this paper, one published set of WSCs focused on the interrupted time series design
[32, 33]. Fretheim et al. (2014) reanalyzed cluster randomized control trials of nine interventions
taking place at the health facility level across various health systems. These interventions included a clinical alerting system, computer-based decision support tools, and educational/outreach
materials for patients and providers. The authors used overlapping 95% confidence intervals as
their metric for whether the designs produced similar results. In all but one case, Fretheim and
colleagues found that interrupted time series yielded results that were largely concordant with
randomized trial results. In the one discordant case, the addition of a non-random comparison
group brought the results in line with that of the RCT. Otherwise, the interrupted time series
design was found to be reliable for the selected interventions.

2.4

Metric for concordance

Of all the variation in the literature on within-study comparisons, perhaps the most pronounced
is in the criteria used to compare the designs. Most published WSCs use some kind of qualitative determination of whether a quasi-experimental design’s estimates are “close enough” to
experimental ones [1, 12, 14, 21, 38, 62]. Fewer studies measure mean differences in bias between
quasi-experimental and experimental estimates, and compare this to a threshold considered meaningful by policymakers [23, 35, 78]. Fewer still attempt to measure the statistical significance
of differences in effect sizes between designs [10, 29, 30].
Each of these metrics captures a different dimension of what it means for effect estimates to be
discordant. Are the effect estimates in the same direction and magnitude? If their magnitudes
differ, is the difference in estimates statistically distinguishable from zero (statistical significance)?
Are the two estimates different along a “policy relevant margin” (practical significance)?
Figure 2 consolidates these issues into a framework to interpret WSC findings.
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Figure 2: Assessing concordance of RCT and quasi-experimental estimates

At the extremes, interpretation is straightforward. If the difference between the RCT estimate
and the quasi-experimental estimate is neither statistically significant nor practically significant,
the conclusion of the WSC is that the two designs are concordant. That is to say, the quasiexperimental design was able to replicate the RCT result to the point that it can be considered a
reliable substitute for this particular context. Note that this is not necessarily an endorsement of
the quasi-experimental method more generally, but rather a data point in support of the design
for a given intervention. The result should also be weighed against its sensitivity to various
specifications in order to assess robustness.
Conversely, if the difference in estimates is both statistically and practically significant, the WSC
concludes that the studies are discordant. In addition to a statistically significant difference, in
this scenario the quasi-experimental design would have produced misleading results for the true
impact of the program along a margin that can be considered “policy relevant”. This term is
difficult to determine and necessarily context-specific. In addition to differences across interventions and environments, even different policymakers might disagree over what is policy relevant
for a given context. Attempts have been made to create standards against which WSC results can
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be compared, such as using the convention of whether a policymaker would alter support for a
program [35, 78]. This convention is not ideal however, as it places too much importance on the
particular resource constraints of a given policy environment.
As an alternative, we propose using the same metric that is used to weigh the importance of
individual program impacts: if a program produced a change in the outcome that was the size
of the difference between the estimates of the two designs, would the program be considered
a success? If so, the difference between the studies is practically significant. This maps most
closely to the notion of the quasi-experimental design as the “intervention” of interest, and the
difference between the two as the “impact” of the intervention. If using an alternative design
produces a difference that meets this criteria, it should be considered discordant.
In the top-right scenario, where there is a practically significant difference between the two designs but the difference is not statistically significant, the WSC should be considered underpowered. That is to say, the variance in outcomes between the two designs was large enough that
the WSC could not detect the measured impact as significant. Traditionally, underpowered is
used to describe an instance of Type II error; the design was unable to detect an effect that is
real. Applying this terminology in this way places the concept of practical significance in the
privileged position of determining whether a difference is in fact “real”. Given that WSCs aim to
determine whether a given design would have produced misleading results, this characterization
seems appropriate.
Finally, if the WSC finds a statistically significant difference that is not practically significant, it
does not provide us with much information regarding the quasi-experimental design. On one
hand, the fact that the two designs yielded estimates close enough to result in the same policy
outcome suggests that the quasi-experimental design was successful at approximating the RCT.
On the other hand, the fact that the WSC was able to detect a statistically significant difference
might seem to call the reliability of the quasi-experimental design into question. However, the
statistical significance may also be the result of using a design that produces highly precise estimates, in which case it would be penalized for having a characteristic considered desirable. This
framework uses the term “compatible” to describe a WSC producing a statistically significant
difference that is not practically significant. This result presents evidence, albeit not as conclu7

sive as a fully concordant scenario, that the quasi-experimental design is able to replicate the
results of an RCT to some extent.

2.4.1

Computing standard errors

In order to determine whether differences between two designs are statistically significant, we
use a bootstrapping method used in some of the more rigorous WSCs to date [10, 29, 30, 69]. The
procedure for generating a standard error estimate for the difference in estimated impacts of a
WSC is as follows:

1. Draw a sample from the RCT dataset (with replacement) of equal size to the original RCT
dataset;
2. Estimate the treatment effect of the bootstrapped RCT dataset;
3. Draw a sample from the quasi-experimental dataset (with replacement) of equal size to the
original quasi-experimental dataset;
4. Estimate the treatment effect of the bootstrapped quasi-experimental dataset;
5. Take the difference of these two estimates;
6. Repeat steps 1-5 1,000 times;
7. Take the standard deviation of the 1,000 differences, to serve as the standard error of the
difference in estimated effects of the original analyses.

This bootstrapped error is then used to conduct a t-test of the difference in impacts measured by
the two designs.

3

Single Interrupted Time Series (SITS)

The focus of this paper is the single interrupted time series (SITS) design. SITS is a widely used
quasi-experimental design that relies on trends before and after the introduction of a discrete
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intervention to assess impact [67]. It is one of the few credible evaluation designs that is often
implemented without a comparison group.
This paper focuses on short, single interrupted time series. The “short” qualifier means that
my analysis will not rely on autoregressive integrated moving average (ARIMA) techniques to
model time trends [36, 40]. An ITS design requires 100 or more time points to effectively leverage
ARIMA techniques [24], which neither of these datasets have. Instead, we focus on ordinary
least squares estimation with autocorrelated errors [53], as will be described in Section 3.1. The
“single” qualifier means that my analyses do not include a non-experimental control group [67].
Instead, counterfactuals are constructed via a projection of the trend before the intervention was
introduced (“pre period”) into the time period after it was introduced (“post period”). While
this work can be extended to multiple ITS comparisons, the prevalence of single ITS in the health
literature is the primary motivator of this analysis.
As discussed by Bloom (2003), the design is premised on two claims. First, absent some systemic
change, past experience is the best predictor of future experience. Second, using multiple observations from the past to establish a trend is a more reliable predictor of the future than a single
observation [11].

3.1

Structure

In a SITS analysis, the unit of observation is some equally spaced time unit such as days or
weeks. Data are usually collapsed to the time level, as opposed to a dataset with observations at
the person-time level.1 The standard model for a SITS design is as follows [53, 75]:

Yt = β 0 + β 1 timet + β 2 postt + β 3 timepostt + ut

(1)

ut = ρut−k + zt

(2)

1 There is some work on constructing ITS estimates at the person-time level using Generalized Estimating Equations.

While this has been described at a theoretical level [80], there have been almost no examples of it used in practice.
This paper adheres to the traditional convention of time-level data.
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where:

• time is a variable which equals one at the first time point t and is incremented by one for
each subsequent time point;
• post is a dummy variable which equals one at the time immediately following the introduction of the intervention of interest (p) and for every time point thereafter;
• timepost is a variable which equals zero until time p + 1, and is incremented by one for
each subsequent time point;

and, by extension:

• β 0 is the starting level of outcome Y;
• β 1 is the pre period slope;
• β 2 is the change in level at time p;
• β 3 is the change in slope in the post period.

To account for autocorrelation, the error term in Equation 2 is a Newey-West standard error with
lag k [58].
A defining characteristic of a SITS analysis is that there is not a single coefficient that represents
program impact. In Equation 1, β 2 and β 3 represent the immediate and subsequent effects of
the intervention, respectively. This is seen by many as a strength of the design, since it allows
researchers to disaggregate short term effects from longer term effects [60]. For the purpose of a
WSC, however, care must be taken to generate effect estimates that are comparable to the single
impact estimate of a comparison of means in a traditional RCT.

3.2

Assumptions

The single interrupted time series design’s validity rests on the following assumptions:
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• Assumption 1: The expectation of the pre intervention level and trend would be the same
irrespective of whether the sample received the treatment;
• Assumption 2: In the absence of the intervention, the post intervention trendline would
have been equivalent in expectation to an extrapolated pre intervention trend.
• Assumption 3: The time trends in the pre and post periods can be expressed as a linear
combination of parameters.

Let us illustrate this more formally, using the potential outcomes framework [47]. Assume Yt1
denotes the potential outcome for some group at time t if they receive the treatment, while Yt0
denotes the potential outcome for the group at time t if they do not receive the treatment. Then
we can specify the following two equations using a SITS model:

Yt1 =α0 + α1 timet + α2 postt + α3 timepostt + et

(3)

Yt0 =γ0 + γ1 timet + γ2 postt + γ3 timepostt + νt

(4)

In a single ITS context, we only have data to estimate Equation 3. We are, however, making the
following implicit assumptions regarding Equation 4:
• Assumption 1a: α0 = γ0
• Assumption 1b: α1 = γ1
• Assumption 2a: γ2 = 0
• Assumption 2b: γ3 = 0
If the components of Assumption 1 are met, then we have an unbiased estimate of the pre period
trendline.
If the components of Assumption 2 are met, then an extrapolation of the pre period trendline
provides an unbiased estimate of post period outcomes in the absence of the intervention.
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If Assumption 3 is added, then Assumptions 1 and 2 apply to pre period trends and extrapolations that are linear.
Taken together, Assumptions 1 - 3 imply that a linear extrapolation of the pre period trendline into
the post period provides an unbiased representation of the counterfactual for a treated sample.

3.3

Threats to internal validity

In discussing the threats to the internal validity of the SITS design, Shadish, Cook, and Campbell point to a number of potential threats [67]. These are discussed in the context of changes
taking place at the time of an intervention’s introduction, though pre period events that linked
to the treatment pose a risk as well. In addition, the SITS design is particularly vulnerable to
misspecification issues, known broadly as misspecifications of functional form.

3.3.1

Concurrent changes

The primary threat to a SITS design is the existence of changes that affect the outcome at the
same time as the intervention’s introduction p [67]. Since a single ITS design lacks a control
group, any shifts in level or trend at the time of the intervention’s introduction is fully attributed
to the intervention itself [63]. Thus, any changes at time p other than the intervention which are
related to the outcome of interest will be incorrectly attributed to the intervention.
In practice, “concurrent changes” can come in a number of forms [67]:

• History threat: Changes external to the sample such as other programs, policies, or economic
changes. For example, the measured effect of a job training program on employment with
single ITS would be biased if the program took place just as an economic recession began.
• Selection threat: Changes in the composition of the sample at the time of the intervention’s
introduction. For example, the introduction of a tax on firms may cause firms to relocate.
• Instrumentation threat: Changes in measurement of the outcome at the time of the intervention’s introduction. The adoption of an electronic medical record system, for example,
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may require that health outcomes be recorded electronically rather than on paper. If this
change makes it easier or harder for a physician to note a given condition, the SITS design
may detect an effect at the intervention’s introduction unrelated to the intervention’s actual
efficacy.

While each of these threats comes from a different source, they affect the validity of the design in
the same way: by introducing a change in the data at the time of an intervention’s introduction,
these threats make it difficult to disentangle the true program impact from the impact of these
other events.
Using the framework of Section 3.2, the threat of concurrent changes can be seen as a violation
of Assumption 2: a concurrent event at the time of the intervention’s introduction p implies that,
even without the intervention, there would be a shift of the outcome variable in level (γ3 6= 0),
slope (γ4 6= 0), or both after time p.

3.3.2

Differential pre period changes

The threat of concurrent changes at the time of an intervention’s introduction is the primary focus
of most SITS analyses. However, an equally important threat lies in the violation of Assumption
1. For example, knowledge that a cigarette tax will soon come into effect may lead to a sharp
increase in cigarette sales leading up to the tax’s introduction. In this scenario, a change related to
the intervention taking place during the pre period leads to a trendline that is a poor approximation
of the outcome variable’s trend in the absence of the intervention.
Consider Figure 3. The diamonds in this figure represent data for the sample had it not received
the intervention (Yt0 ), while the squares represent data for the sample if it had received the
intervention (Yt1 ). The diamonds within squares represent points that are identical in either
potential outcome.
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Figure 3: Violation of Assumption 1

Figure 3 illustrates that outcomes in the post period remain the same irrespective of whether
the sample received the treatment. Additionally, Assumption 2 holds in that the post period
outcome for the sample had it not received the intervention is identical in level and slope to the
sample’s pre period (γ3 = 0, γ4 = 0). However, something about the intervention induced a
change in outcomes during the pre period so that, in this case, the pre period slope of the sample
had it received the intervention in the post period is different from the pre period slope of the
sample had it not.
The implications of this violation are clear: a pre period trend that is differential between the
potential outcomes of units will lead to incorrect estimates of the change in level and slope at
time p. In the case of Figure 3, the change in slope and level should both be zero (referring to
Equation 3: α2 = 0, α3 = 0). Instead, this analysis would find a decrease in both level and slope.
A frequent cause of this phenomenon is referred to as “anticipation effects,” wherein knowledge
of the impending intervention leads to a change in behavior different from what would otherwise
have occurred [56]. Similar issues can arise through history, selection, and instrumentation. Note
that, for any of these threats to lead to bias in impact estimates, the pre period change must
14

be somehow tied to the intervention itself. An event that does not affect potential outcomes
differentially would not violate Assumption 1.
One particular violation of Assumption 1, called “Ashenfelter’s dip,” merits further discussion.
Ashenfelter’s dip refers to a scenario wherein individuals are included in a program on the
basis of the outcome variable that the program aims to address [43]. This phenomenon was
originally documented in the context of job training programs, wherein participant earnings
appeared to decrease in the time leading up to a program’s introduction [6]. This decrease
in earnings was being driven by the fact that those choosing to enroll in the program were
recently unemployed. As a result, those being selected into the sample were individuals who
had decreasing earnings. We can illustrate the bias caused by Ashenfelter’s dip in the absence
of a randomized control group using an exercise adapted from Heckman and Smith (1999) [43].
Let the following represent the experimental estimate obtaining by taking the difference of a
randomized treatment and control group in the post period:

E(Y1post | D = 1) − E(Y0post | D = 0)

(5)

Where D = 1 for individuals in the randomized treatment group, and D = 0 for individuals in
the randomized control group. Under the assumption of random assignment, Equation 5 estimates the effect of the treatment on the treated. If instead we use a simple pre-post comparison

E(Y1post | D = 1) − E(Y1pre | D = 1)

(6)

which, in the presence of randomization, is equivalent to

E(Y1post | D = 1) − E(Y0pre | D = 0)

(7)

then the bias of the pre-post estimator is the difference between Equations 5 and 7

E(Y0post | D = 0) − E(Y0pre | D = 0)
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(8)

In words, the bias of the pre-post estimator is the change in earnings of the control group before
and after the intervention. In the event that the pre-treatment dip in earnings was transient,
and strictly the product of self-selection (defined as selection based on pre-treatment outcomes),
then this bias term would be positive. Using a simple pre-post estimator would thus lead to an
overstatement of the true effect.
The risk of Ashenfelter’s dip is especially strong in the context of a single interrupted time series
design. Whereas a simple pre-post estimator is biased by artificially low outcomes in the pre
period, a single ITS estimator is biased by an extrapolation of an artificially low trend. If the pre
period values are stable and the pre period trend is zero, this would produce the same bias as
the pre-post estimator. However, if the dip is especially transient, and only occurs in a few time
points leading up to the intervention, the single ITS counterfactual will extrapolate the decreasing
trend, thus exacerbating the bias by a large amount.2
Figure 4 illustrates this issue. Assume both scenarios represent a dip in outcomes from the
trend prior to the start of data collection. Scenario A (circles) has a dip that is constant in
the pre period, whereas Scenario B (diamonds) has a decreasing dip. Both scenarios have the
same pre-treatment mean, and thus would produce the same degree of bias in a simple pre-post
comparison. However, in the context of a single ITS design, Scenario B would produce much
greater bias.
2A

positive trend would also produce bias, but it would consist of an extrapolation that is too high, not too low.
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Bias A

Bias B

Figure 4: Ashenfelter’s Dip in a single interrupted time series design

3.3.3

Misspecification of functional form

The final significant threat to the validity of SITS estimates is related to statistical specification.
Since the “control” group of a SITS is represented by the extrapolation of pre period trends,
the design relies more heavily on assumptions related to the timing of the intervention, the
nature of its diffusion, and the presence of autocorrelation in the data [67]. For example, failing
to account for a phased rollout of an intervention may lead to an underestimate of its effect,
since untreated units at time t could be mischaracterized as treated, and vice versa. Similarly, a
mischaracterization of the timing of an intervention’s impact could lead to an overstatement or
understatement of effect. On the other hand, failing to account for autocorrelation in the data
may lead to artificially low standard errors, increasing the likelihood of Type I error. While these
risks are present in other study designs, the granularity of time in the data make SITS especially
vulnerable.
Note that these issues do not necessarily violate Assumption 3. For example, the true relationship
between the outcome variable and time can contain quadratic or interaction terms and still be
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linear in parameters. However, if a SITS model does not account for these realities in the data, it
will lead to biased estimates.
The number and importance of specification decisions in the SITS design provide a great deal of
discretion to the researcher. As such, it is important that any within-study comparison of SITS
scrutinizes these decisions and the extent to which results are sensitive to them. A failure to do
so may overstate its robustness as a quasi-experimental design [21, 69].

3.4
3.4.1

Single interrupted time series in practice
Use of single interrupted time series in health policy literature

The previous sections outlined the general structure, characteristics, and risks of the single ITS
design. This section focuses on its varied use in the health policy literature, both in terms of
intervention types and statistical specifications. We then propose a set of characteristics for SITS
that represents the “best practice” in the literature, which will be the approach used in the
subsequent within-study comparisons.
Broadly, the interventions studied using the SITS design tend to fall into one of two groups. The
first are “local-level” interventions, involve introducing a change in the management of a health
facility or group of facilities, often aimed at improving healthcare quality. Example of facility
interventions include interventions to alter prescribing behavior [15, 26, 74], reduce antimicrobial
resistance [5, 25, 55], improve patient adherence to medication [13], reduce readmissions [52],
and improve referral behavior [39].
The second type of intervention are “population-level” interventions, aim to assess the impact
of large-scale policy change on a given population. These interventions include an effort to reduce perinatal mortality at a state level [34], a national change in pharmaceutical reimbursement
schedules [2, 70], a statewide excise tax imposed on cigarette sales [54], and a national pay for performance program [66]. Single ITS designs are particularly attractive to evaluate population-level
interventions, since a reasonable control group is often not possible. However, these interventions may be more problematic for SITS than local-level ones, since local-level interventions may
be less subject to the kind of concurrent events that the single ITS design is especially vulne18

rable to. In scenarios where there are additional events affecting the outcome throughout the
study period, it is perhaps easier for a researcher to identify them and account for them in the
analysis. Population-level interventions, on the other hand, take place in a much less controlled
environment, and concurrent influential events may be more difficult to identify and account for.
In addition to these differences in scope, the health literature utilizing the SITS design lacks a
consensus as to what elements are required for a strong SITS analysis. A systematic review by
Jandoc et al. [49] that focused exclusively on drug utilization research is instructive. The authors
compared 220 drug utilization studies employing SITS against a common rubric of characteristics that define SITS applications. They find commonalities along basic metrics, such as clearly
defining a time point (84.5%) and using graphical figures to display results (83.6%). But these
commonalities cease when going deeper than these superficial characteristics. For example, only
66.4% of studies attempted to account for autocorrelation, a fundamental issue in SITS designs
as described above. There was also wide variation in the use of lag periods (27.7%), seasonality
(30.6%), and sensitivity analyses (20.5%).

3.4.2

Current best practice in SITS analysis

Given the inconsistent way the SITS design is used in practice, it is necessary to define a standard
against which other study designs can be compared. The characteristics presented in Figure 5
represent my assessment of best practices of short, single SITS currently found in the health
policy literature. Note that the “short” and “single” descriptors exclude ARIMA modeling and
a comparison group; this standard therefore does not represent the most robust version of SITS
given unlimited data. That said, the vast majority of SITS designs found in the literature are of
this abbreviated form.
Sections 1-3 of Figure 5 present characteristics of many high quality short single ITS studies
currently in the literature [49, 75]. Note that many of these requirements represent one of many
suggested best practices. For example, the only other WSCs on the interrupted time series design
use the requirement of six data points in each period, as opposed to twelve [33]. In these cases,
we list the requirement most frequently referenced in the literature.
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Figure 5: Best practice of the short, single interrupted time series design

1. Data [4, 75]
• ≥ 12 time points in each period (“pre” and “post”)
• ≥ 100 observations/units per period
• Data collapsed to the time level
2. Statistical Analysis [24, 53, 63]
• Model using segmented regression analysis
• Test for and account for autocorrelation in error term
• Account for seasonality via dummy variables and/or lag in error term
• Control for time-varying covariates that could potentially affect outcome
3. Sensitivity analyses [67, 75]
• Allow for lag/transition period if intervention or context requires it
• Assess sensitivity of results to changes in intervention point, changes in functional
form, and the addition of covariates
• Consider adding nonlinear terms

In addition to these characteristics found in the SITS literature, the next section suggests two
falsification tests not currently employed in SITS analyses. This suggestion draws from broader
work on time series analysis, as well as a technique from the regression discontinuity design,
which shares many structural similarities to SITS [45, 46].

3.5

Proposed falsification tests

The SITS design involves fitting a rigid structure onto time data, wherein the regression is permitted to diverge from a straight line only at a specific point and in a specific way. The risk of
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“forcing” the data into this structure is therefore high; it is possible that the researcher will ignore
other potential break points in the data, or impose an artificial break point where there is none.
To address these risks, we propose the following two procedures, drawing from techniques in
both time series analysis and the regression discontinuity literature.
The first falsification test involves conducting a search for “data-driven” structural breaks in the
data using a test for an unknown break point [3]. This involves taking the maximum value of
the test statistic obtained from a series of Wald tests over a range of potential break points in the
data [61]. The test can be represented formally as follows [71]:

supremum ST = sup ST (b)

(9)

b1 ≤b≤b2

Where ST (b) is the Wald test statistic testing the hypothesis H0 : δ = 0 at potential break point b:

y t = x t + ( b ≤ t ) x t δ + et

(10)

We conduct this test using the estat sbsingle command in Stata 14 [71]. The purpose of this
test is to determine whether there is a sufficient break in the data to be detected and, if there is,
whether it corresponds to the theorized break point in the SITS design.
The second falsification test attempts to characterize the amount of variability across time points
in the dataset. It is implemented as follows:

1. Generate a set of bins using an optimal bin width algorithm from the regression discontinuity literature [48]. Since these bins are generated to smooth the plot of data against a
running variable in order to better discern break points, the edges of these bins represent
potential candidates for structural breaks in the data. We determine these bins using the
rdplot command in Stata [17]. The purpose of this step is to create a set of theorized
break points to test in the subsequent step.
2. Test for the presence of a structural break at the meeting point between adjacent bins using
a Chow test, a variant of a Wald test and a technique common in the time series literature
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[18]. Briefly, a Chow test tests for a known break point by fitting a regression with a
dummy variable equalling one for every time point after the theorized break. We conduct
this test using the estat sbknown command in Stata 14 [71]. The frequency of statistically
significant p-values across the potential break points provides a picture of the underlying
variability in the data.

While the results of these two procedures are not conclusive, they provide insight into the underlying data, the intervention, and the appropriateness of the single ITS design. If the first test
for a data-driven structural break is unable to identify a break in the data, it suggests that the
intervention of interest did not lead to enough of a break in trend to be detectable by SITS. Thus,
a failure to reject the null of no break point provides evidence that the intervention had no effect.
If instead the first test detects a structural break at a point other than the intervention point, it
suggests that some outcome-influencing event took place during the study period, and that the
impact of this event exceeds that of the intervention of interest. This could mean several things:
perhaps the other event had an especially large effect on the outcome, or perhaps the impact
of the intervention of interest is quite small. Regardless of the cause, there are two potential
implications for detecting a break other than the intervention point. First, it would be prudent
to allow for a second break at this point using multiple segments, in order to account for its
influence. However, this may not be sufficient to account for it, particularly if it violates SITS
Assumption 1. In this case the presence of a major event - more significant than the intervention
itself - suggests that SITS may not be the most appropriate study design for these data.
Concerns about the appropriateness of SITS would be further confirmed by the presence of
multiple, statistically significant break points detected in the second falsification test. Detecting
multiple break points suggests that the underlying variation in the data - driven by external
events or simply the result of “noise” - may simply be too great for a single ITS design to
perform reliably. This is especially concerning in the pre period, the trend of which is the sole
determinant of the modeled counterfactual. Since the internal validity of the single ITS design
relies so heavily on the nature of the time trend, instability in the underlying trend calls the
projected counterfactual into question.
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4

Effect of Health Insurance on Emergency-Department Use in Oregon

4.1

Intervention

In 2008, the state of Oregon expanded its Medicaid program to a group of previously uninsured
adults via a lottery [27]. 30,000 names were drawn from a waiting list of 90,000 people. These
individuals were given the opportunity to apply for Medicaid and, if they met requirements for
eligibility, enroll [7]. The randomized nature of the expansion allowed for a large-scale randomized trial to study the effects of health insurance provision on self-reported general health [27],
measured physical health [7], and emergency-department usage [73].
The effect of winning the Medicaid lottery on ED use provides an ideal context in which to
compare RCT and SITS approaches, since we have sufficiently granular observations of ED use
over time for periods both before and after the Medicaid expansion. Administrative data were
gathered from the 12 Portland-area EDs for 2007-2009 to measure the number of ED visits for the
24,646 lottery list members (9,626 selected in the lottery, 15,020 not selected) living in the area.
These data show the universe of visits to those EDs, including the date of the visit.

4.2
4.2.1

Randomized controlled trial
Data

Data consists of all emergency-department visits to 12 Portland area hospitals from 2007 to 2009.
Though these data are not comprehensive of all ED visits in Oregon, it comprises almost all
visits in Portland and about half of all hospital admissions in Oregon [73]. The dataset includes
emergency-department records and, for those that were admitted to the same hospital, inpatient
records.
Of the 90,000 names in the lottery, approximately 75,000 remained in the Oregon Health Insurance Experiment after excluding ineligible entries. Of these individuals, 24,646 lived in a zip
code at the time of the lottery where residents used one of the twelve study hospitals almost
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exclusively (≥ 98% of admissions). Within this sample, 9,626 were assigned to the treatment
while 15,020 were controls [73]. Emergency-department data were probabilistically matched to
the individuals in the experiment on the basis of name, date of birth, and gender [7, 27, 73].
Since randomization was at an individual level, larger households were more likely to receive
the treatment than smaller ones. To account for this, the RCT specification below controls for
household size.

4.2.2

Methods

The RCT results are estimated using both intent to treat (effect of lottery selection) and local
average treatment effect (effect of Medicaid coverage) specifications. The intent to treat (ITT)
effect was estimated using the following equation:

yih = β 0 + β 1 LOTTERYh + β 2 hhsizeh + β 3 preoutcomei + β 4 preoutcome_missingi + eih

(11)

where

• yih is the total number of ED visits for person i in household h between March 9, 2008 and
September 30, 2009;
• LOTTERY is a dummy variable for the selection of household h into treatment;
• hhsize is the number of individuals in household h, a variable which was correlated with
treatment selection;
• preoutcome is the pre-randomization value of person i for the outcome (before March 9,
2008);
• preoutcome_missing is an indicator for an observation lacking a pre-randomization value
for outcome y (the preoutcome value for these observations is the mean for non-missing
observations). Of the 24,646 individuals in the dataset, 12 were missing pre-randomization
values.
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The effect of Medicaid coverage is estimated using an instrumental variable (IV) approach, wherein the variable LOTTERY is used as an instrument for Medicaid coverage. A two-stage least
squares (2SLS) regression is modeled using the following equation:

yih = π0 + π1 MEDICAIDih + π2 hhsizeh + π3 preoutcomei + π4 preoutcome_missingi + νih

(12)

where π1 is estimated using the first stage equation:

MEDICAIDih = δ0 + δ1 LOTTERYih + δ2 hhsizeh + δ3 preoutcomei + δ4 + preoutcome_missingi + µih
(13)
Using the IV approach, π1 represents the impact of receiving Medicaid on the compliers, i.e.,
those who received Medicaid via the lottery who would not have done so have without it.

4.2.3

Results

Results of the ITT and IV estimates for the outcome variable “total number of ED visits in the
post period” are presented in Table 1.3 Column (1) displays ITT results (Equation 11). The effect
of selection in the lottery is an increase in ED visits of .101 (p < 0.01), indicating a 10% increase
in the number of ED visits for the treatment group as compared to the control group mean
of 1.022. Column (2) displays IV results (Equation 12). The effect of enrollment in Medicaid for
compliers is an increase of .408 visits (p < 0.01), a 40% increase as compared to the control group.
While these two estimates differ in terms of magnitude (by construction), they are consistent in
positing a positive effect of insurance allocation on ED use that is both practically and statistically
significant.
3 These

results are from a reanalysis of the original Oregon data, which reproduce the published results in Taubman

et al. [73].

25

Table 1: RCT impact estimates

(1)
ITT

VARIABLES
Selected in the lottery

(2)
IV

0.101***
(0.0287)

Enrolled in Medicaid
No. of ED visits by 3/9/08
Missing no. of ED visits by 3/9/08
Constant

0.762***
(0.0252)
19.50***
(4.654)
0.438***
(0.0200)

0.408***
(0.116)
0.755***
(0.0253)
19.42***
(4.645)
0.381***
(0.0305)

Observations

24,622
24,622
Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Outcome variable is the number of ED visits per person
Dummy variables for number of individuals in household not shown
Control group mean is 1.022

For the purposes of comparison, all subsequent analyses will use the ITT estimates as the RCT
resultsx. In order to ensure that the population of the subsequent SITS analysis is equivalent to
that of the RCT, it is important to include all individuals allocated to treatment rather than just
the compliers.
We treat these RCT estimates as the “truth” against which we gauge the SITS results. Of course,
the RCT results are themselves subject to random noise, but there is no identifiable source of
bias. When we compare the RCT results to the SITS results below, we gauge the degree to which
observed differences are statistically significant.

4.3
4.3.1

Interrupted time series
Data

We include only the 9,612 individuals from the treatment group in the SITS analysis. Data are
collapsed to the biweekly level instead of “pre” and “post” periods. We use biweeks as the unit of
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time to allow for time trends while avoiding the noise introduced by a more granular measure.4
Data are available from January 1, 2007 to September 30, 2009. At the biweek level, this produces
72 time points, 31 of which were pre-intervention.
Notification of acceptance into Medicaid began on March 3, 2008, and continued until September
11, 2008. A new round of notifications took place every two to three weeks, with approximately
1,000 new individuals notified during each round (see Table 2).

Table 2: Notification of insurance provision by date

Notification Date
3/10/2008
4/7/2008
4/16/2008
5/9/2008
6/11/2008
7/14/2008
8/12/2008
9/11/2008
Total

N
1,010
1,004
1,014
1,004
932
1,849
1,885
914
9,612

The outcome variable of interest for the RCT was total number of ED visits per person in the post
period. The analogous measure for SITS was total number of ED visits in the sample per person,
per biweek.

4.3.2

Methods

Simple specification
Using the specification for a single ITS design, we estimate the following OLS regression:

yt = ζ 0 + ζ 1 biweek t + ζ 2 postt + ζ 3 biweekpostt + τt

(14)

τt = ρτt−k + ψt

(15)

4 The RCT regressions in the previous section were run with data collapsed to this level. The results were robust to
either specification.
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where τt is a Newey-West standard error with lag k [58]. The value for k is determined using the
Cumby-Huizinga general test for autocorrelation in time series [64], implemented using actest
in Stata [8]. We conduct the test for lags 1 to 10, and use the lag with the smallest p-value as k. If
none of the lags had a p-value less than 0.05, no lag is used.
The variable post equals one for all times after March 3, 2008, the beginning of insurance rollout.
In addition to this simple SITS specification, we attempt to address each of the potential threats
to validity outlined in Section 3.2.
Concurrent changes
Given that the outcome of interest is emergency-department visits and the intervention was
introduced in early March, there is potential for the flu season to generate an increase in ED
usage around the time of program rollout. To address this concern, we gather data on cases
of the flu in Oregon during the 2006-07 season, 2007-08 season, and 2008-09 season, in order to
assess the degree of correlation between ED usage and flu cases, as well as explicitly controlling
for it in the SITS regression [28].
Differential pre period changes
Events taking place in the pre period that are related to treatment provision can also introduce
bias, as outlined in Section 3.3.2. One such event is the signup period for entry into the lottery,
which began at the start of 2008. The signup period for entry into the insurance lottery began
in January 2008, in advance of the first lottery draw in March. During this period, hospitals
may have influenced uninsured patients to sign up for the lottery, resulting in a sample that is
disproportionately defined by an especially high number of ED visits in the months leading up
to insurance provision.
To account for this, we treat the signup period as a separate “washout” period, and define the pre
period to end in December 2007. We model the signup period explicitly in a multiple segmented
regression:

yt = θ0 + θ1 biweek t + θ2 signupt + θ3 biweeksignupt + θ4 postt + θ5 biweekpostt + gt
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(16)

Where signup is a dummy variable which equals one at the start of the signup period and after,
and biweeksignup is a variable which is zero until the signup period, and incremented by one for
every subsequent biweek. gt maintains the autocorrelation structure from Equation 15.
Misspecification of functional form
Finally, misspecifying the timing and dynamic of an intervention’s introduction can threaten the
internal validity of a single ITS design [67]. In the context of the Oregon Medicaid rollout, the
simplifying assumption that the program began on March 3, 2008 may introduce bias or noise.
To address this, we estimate a respecified SITS model which accounts for the eight different
notification dates occurring between March and September. Specifically, we use the following
model:

yt = λ0 + λ1 biweek t + λ2 posttg + λ3 biweekposttg + ht

(17)

Where post is a dummy variable which equals one at the period that group g was notified
of Medicaid enrollment and all subsequent time periods, and biweekpost equals zero until the
the period group g was notified of Medicaid enrollment, and incremented by one for every
subsequent period ht maintains the autocorrelation structure from Equation 15.

4.4

Results

The results of each specification are presented in Table 3.
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Table 3: SITS impact estimates

VARIABLES
Biweek
Post
Biweek*Post

(1)
Naive

(2)
Flu season

(3)
Signup period

(4)
Recentered

0.000241***
(5.08e-05)
-0.000828
(0.00132)
-0.000300***
(5.75e-05)

0.000249***
(6.02e-05)
-0.00105
(0.00163)
-0.000302***
(6.16e-05)

0.000118***
(4.10e-05)
-0.00222***
(0.000649)
2.48e-05
(9.85e-05)
0.00512***
(0.000785)
-0.000202*
(0.000103)

0.000174***
(3.07e-05)
-0.000203
(0.000983)
-0.000255***
(4.38e-05)

0.0210***
(0.000666)

7.44e-05
(7.68e-05)
0.0207***
(0.000843)

0.0222***
(0.000536)

0.0208***
(0.000795)

Signup
Biweek*Signup
Flu rate per 100,000
Constant

Observations
Lag

72
72
72
85
1
4
0
0
Standard errors in parentheses.
*** p<0.01, ** p<0.05, * p<0.1
Outcome variable is the number of ED visits per person per biweek
Data collapsed to the biweek level for 72 biweeks, 31 of which were pre-intervention.

4.4.1

Simple results

Column 1 of Table 3 presents the results of a simple single ITS analysis. The results show a
positive, statistically significant increase in ED visits per person during the pre period. At the
time of insurance provision, there is a non-significant drop in level, followed by a significant,
sharply negative change in slope. The magnitude of the slope change actually reverses the trend
in ED utilization from a positive trend to a negative trend.
Figure 6 shows these results visually:
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Figure 6: Visual representation of simple SITS estimates

The simple specification thus implies that provision of Medicaid in Oregon in mid-2008 reversed
an increasing trend of ED use.
The pre period data has two notable characteristics. First is the cluster of ED visits in the five
time points immediately preceding the intervention’s introduction. This period corresponds to
the time after which the lottery was announced, when hospitals were likely encouraging ED
patients to apply and patients themselves were considering their need for insurance. It is thus
plausible that patients who happened to come in during this period were more likely to be
included in the lottery sample.
The second issue is the general positive trend in ED visits throughout the entire period. It is
unclear whether this is a secular trend, the result of seasonal variation, or a manifestation of
Ashenfelter’s dip.

4.4.2

Flu season

Figure 7 overlays average number of ED visits with data on flu. While it does look as though the
2007-08 season was especially acute, there is no evidence for a statistically significant difference
in means across the three season (F2,88 = 0.13, p = 0.874).
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Figure 7: ED usage and flu seasons, 2007-09

Additionally, flu rates are not a significant predictor of ED visits, as shown in Column 2 of Table
3. Augmenting the simple regression from Equation 14 with a continuous variable for weekly flu
rate had essentially no effect on estimates. Taken together, these results suggest that the positive
pre period trend is not driven by seasonality related to the flu.

4.4.3

Signup period

Column 3 of Table 3 shows that modeling the signup period using the specification from Equation
16 does change the estimates from the simple specification, though not by much. In addition to
lowering the slope of the pre period, accounting for the signup period made the change in slope
insignificant, while making the drop in level significant. These changes are to be expected, as
they are in contrast to the slope and level of the signup period as opposed to a pre period which
included the signup period. Figure 8 illustrate these changes.
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Figure 8: Visual representation of SITS estimates with “washing out” signup period

Accounting for the signup period leading to the spike in ED visits in the weeks preceding the
lottery does change the estimated coefficients to a degree. However, these changes are not along
a practically significant margin, and Figure 8 shows that the findings remain unchanged in broad
terms. The data are still characterized by a positive pre period slope (albeit a more shallow one)
followed by a negative slope (albeit an insignificant one) in the post period.

4.4.4

Recentered specification

Recentering the specification around notification does not significantly affect SITS estimates, as
shown in Column 4 of Table 3. While Figure 9 shows a level change of zero in contrast to Figure
6, the simple regression’s level change is not statistically significant either.
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Figure 9: Visual representation of SITS estimates with recentered specification

The fact that the recentered specification has a negligible effect on the simple result is telling. By
recentering the data around each group’s notification date, this specification theoretically offsets
biweek-specific drivers of the result. This includes the possibility of particular events taking
place during the study period that would drive this upward trend. It does not, however, rule
out Ashenfelter’s dip. If individuals were selecting into the lottery on the basis of increased ED
use in the run up to the intervention, this upward trend would be reflected in the recentered
specification as well.

4.4.5

RCT comparison

For each of the specifications above, estimates were translated into an aggregated measure of the
effect of the program on total number of ED visits, in order to make results comparable to those
of the RCT. Table 4 presents these results.5 Differences between the RCT estimate and each SITS
specification’s estimate are presented as well. Standard errors for differences are obtained via the
bootstrapping method outlined in Section 2.4.
5 In

order to ensure that this analysis compared “apples to apples,” the RCT was rerun using week-level data
instead of individual observations. The estimate using these data was extremely close to the original RCT estimate.
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Table 4: SITS vs RCT estimates

Impact Estimate Difference
0.101***
(0.029)
Simple
-0.280***
-0.380***
(0.087)
(0.112)
Flu Season Control
-0.291***
-0.392***
(0.104)
(0.112)
Signup Period Wash-out
-0.069
-0.169
(0.083)
(0.116)
Individual-Specific Lottery Date
-0.228***
-0.329***
(0.056)
(0.115)
Standard errors in parentheses. Standard errors of the difference in estimates was calculated by
taking the standard deviation of 1,000 bootstrapped differences between the RCT and ITS
results. Data taken from the Oregon Health Insurance Experiment. Observations are at the
biweek level, from January 1, 2007 to September 30, 2009. This produces 72 time points, 31 of
which were pre-intervention. ITS estimates of number of ED visits per person, per biweek were
multiplied across the entire post period to produce estimates comparable to that of the
randomized trial. Each cell in the “estimate” column is the result of a separate regression using
the ITS specification described in the text. Control mean is 1.022
*** p<0.01, ** p<0.05, * p<0.1
SITS Estimates

Randomized Controlled Trial (ITT)

All four SITS specifications show a complete failure to replicate the RCT result. Each of them is in
the opposite direction from the RCT finding by a wide margin, which easily falls into the category
of “practically significant”. The model that comes closest to the RCT result is the signup period
(Column 3 of Table 3), in that it is statistically indistinguishable from zero. Using the framework
described in Figure 2, the single ITS design is clearly discordant with the RCT result.
In order to further explore the possibility of Ashenfelter’s dip driving this discordance, Table 5
compares the SITS estimates to the estimates of a simple pre-post comparison.
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Table 5: SITS vs Pre-Post estimates

Effect of Medicaid
.101***
(0.029)
SITS
Pre Post
Simple
-0.280*** 0.037***
(0.087)
(0.012)
Flu Season Control
-0.291*** 0.037***
(0.104)
(0.012)
Signup Period Wash-out
-0.069
0.041***
(0.083)
(0.009)
Individual-Specific Lottery Date
-0.228*** 0.039***
(0.056)
(0.012)
Standard errors are in parentheses. Observations are at the biweek level, from January 1, 2007 to
September 30, 2009. Each cell is the result of a separate regression using either ITS or
before-after specifications. ITS estimates of number of ED visits per person, per biweek were
scaled across the entire post period to produce estimates comparable to that of the randomized
trial. Before-after estimates consist of biweek values collapsed to two periods and then
subtracted from one another. For comparison, the randomized controlled trial estimate is .101***
(0.029).
*** p<0.01, ** p<0.05, * p<0.1
Randomized Controlled Trial (ITT)

In each specification, a pre-post estimator comes much closer to replicating the RCT result than
the SITS estimator.6 While all pre-post estimates understate the effect by several percentage
points, they are in the correct direction and have similar statistical significance as the RCT impact.
This once again lends credibility to the possibility of Ashenfelter’s dip, which predicts that a SITS
estimator will produce more bias than a simple pre-post comparison.

5

Discussion

The results of this analysis paint a discouraging picture for the single ITS design. Using the
framework described in Section 2.4, the presence of statistically and practically significant differences between designs suggests that the results of the single ITS design are discordant with
6 For completeness, two additional models were run: one incorporating quadratic time terms, and an individual
level model estimated using Generalized Estimating Equations. The latter had a negligible effect on results, while
the former produced estimates that diverged even further from the RCT due to a positive quadratic term in the pre
period.
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those of the RCT. Put concretely, if the state of Oregon had chosen to analyze the effect of its
Medicaid expansion using SITS, the measured impact would have been statistically significant
and in the wrong direction. To make things worse, this incorrect result is robust to alternative
specifications, which would only further mislead policymakers with respect to the validity of
these estimates.
The question of why this analysis was unable to reproduce the RCT result is difficult to answer
definitively. However, some issues are worth pointing out.
The falsification test described in Section 3.5 provides some useful insight. The data-driven
test for a structural break detected a highly significant break at December 31, 2007 (p < 0.001),
corresponding to the start of the signup period. This is illustrated by a thick dashed line in Figure
10. The fact that this break taking place in the pre period was found to be more significant than
the intervention introduction calls the validity of the counterfactual into question. Additionally,
the binning method and subsequent tests for structural breaks found 11 statistically significant
breaks in the pre period and six in the post period (illustrated with thin dotted lines in Figure

00

9

ed

p2

riz

te

Se

eo

21

Th

et
ec
D

01

Ja

n2

00

7

d

.02

Number of ED visits
.025

.03

10), as well as the intervention point itself.

Biweek

Figure 10: Detected structural breaks

The sheer number of structural breaks detected in the data implies that this dataset has far too
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many fluctuations to provide a credible estimate of the intervention’s effect.
The result from this falsification test on the sample data is further confirmed by emergencydepartment data more generally. Figure 11 illustrates annual ED visit data for Oregon and two
neighboring states (California and Washington) since 2001. In this ten year period, there are a
large number of fluctuations in ED admissions for each state. Depending on the intervention
point and state chosen, there are many points where a SITS analysis would detect a significant

250

ED visits per 1,000
300
350

400

effect (e.g., 2007 in California, 2008 in Oregon, or 2009 in Washington).

2000

2005

2010

2015

Year
Oregon
Washington

California

Figure 11: Emergency department visits in Oregon, California, and Washington, 2001-2013

The most immediate implication for a SITS analysis is that, for these data, any extrapolated linear
trend will be misleading. The discordance of the SITS estimates with the RCT (and even pre-post)
estimates appears largely attributable to this poor counterfactual.
In addition, the results of a SITS analysis for a given state at a given time produces conflicting
results depending on the time horizon used. Table 6 presents an example. In this table we run
a SITS specification for Oregon using 2008 as the intervention point (the year the lottery took
place). The only difference between columns 1 and 2 is the inclusion of three more data points in
column 2 (years 2011-2013). Yet the estimated impacts go from highly significant to non-existent,
an intervention that reduces ED use to having no effect at all.
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Table 6: Sensitivity of SITS results for ED data in Oregon by timeframe

VARIABLES

(1)
2001-2010

(2)
2001-2013

2.589***
(0.675)
22.05***
(4.637)
-18.26***
(2.131)
311.2***
(3.424)

2.589***
(0.629)
8.805
(9.829)
0.718
(2.524)
311.2***
(3.188)

Year
Post
Year Post
Constant

Observations
Lag

10
13
1
1
Standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
Outcome variable is number of ED visits per 1,000 population
Data derived from annual state-level reports of ED visits

Finally, the bias potentially introduced by Ashenfelter’s dip appears to manifest itself in this
analysis. The fact that the individuals included in the lottery were defined by high levels of the
outcome produced a pre period trend that is a poor counterfactual. Building off the literature
on this phenomenon, even a non-experimental control group would only be able to address this
issue if it was characterized by the same dip as the treated sample [43]
Inherent noisiness, sensitivity to timeframe, and issues of sample selection are properties of
the data itself which drive the discordance of SITS results with RCT estimates. Each of these
qualities implies that the noisiness of ED visit data makes the series itself a poor candidate for a
SITS analysis.

5.1
5.1.1

Lessons for evaluators and policymakers interesting in using single ITS
Beware Ashenfelter’s dip

The Oregon Health Insurance Experiment is an example of a “randomized encouragement design.” In this design a population is offered the opportunity to participate in some program, and
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the sample is then selected based on who volunteers. The sample is then randomly allocated
between treatment and control arms, the former of which is given the opportunity to take up
treatment [77]. The results are then analyzed using an instrumental variable approach to account
for the probability that someone offered the intervention actually took it up. This is a common
design in the literature on evaluating social programs, as it allows for the “messiness” of the
political and social elements of program recruitment while still preserving the advantages of a
randomized controlled trial.
Unfortunately, the analyses in this paper suggest that this approach - or any in which a sample is
selected from a population of interest based on their prior outcomes - may be highly damaging to
the internal validity of the single ITS design. The issues underlying Ashenfelter’s dip explained
earlier are readily apparent in this WSC. By allowing individuals to select voluntarily into the
lottery, the pre period data was defined by an increasing trend, with an especially pronounced
spike immediately leading up to the intervention. This pre period behavior introduced bias into a
simple pre-post comparison, but introduced substantially more bias into a single ITS specification,
as shown in Table 5. While this WSC represents a single data point, it adheres closely to the
theory and empirical work done on Ashenfelter’s dip in literature on labor markets [42, 43].
These results provide suggestive evidence that single ITS should be avoided when evaluating any
program wherein participants are targeted on the basis of the outcome that the program aims to
change. While more rigorous evaluative methods are able to account for this type of selection in
some way, the single ITS design is not.

5.1.2

Relying on prior trends requires additional strong assumptions

Short interrupted time series is premised on the notion that a trend of an outcome over time is
preferable to a single point [11]. While it is true that several data points are always preferable to a
single one, relying on a time trend instead of a mean requires the researcher to make parametric
assumptions related to level and slope that may not hold in practice. In particular, the linear
extrapolation implied by Assumption 2 may be an especially strong assumption that cannot be
easily validated in the absence of a control group. This is most clearly evident in this exercise,
where a simple pre-post comparison was actually superior to a parametrized single ITS model.
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In many econometric strategies, adding a covariate such as a quadratic term or exogenous control
variable is seen as potentially helpful and rarely harmful; these covariates have little effect if they
do not contribute to model fit. By contrast, single ITS not only allows the level and slope to
vary; it stakes the strength of the counterfactual on these parameters regardless of their level of
significance. In addition, it only allows the level and slope to vary at a single point in time, which
assumes a great deal about the nonexistence of other breaks in the dataset. The first part of the
falsification test proposed in Section 3.5 aims to test the strength of this assumption. Specifically,
the test makes no assumption about the location of the biggest break in the data, and makes a
“best guess” at where this break could be. If the test determines that the largest break is not at
the intervention point, and if this break is statistically significant, this assumption may be too
strong for the data. This appeared to be the case in Oregon, where the largest break in the data
occurred when the lottery was announced, not when insurance was introduced. This suggests a
clear violation of the strong assumption of a break point at (and only at) a pre-specified time.
In summary, the preceding analyses illustrate that the benefits of relying on trends for inference
must be weighed against the strong assumptions that accompany their use.

5.1.3

Trend stability is crucial, especially in the pre period

Much of the documented guidance regarding the appropriateness of SITS has focused on having
a sufficient number of time points to allow for stable trends and the ability to model seasonality
[40, 75, 79]. Yet this may be only part of the story, particularly when dealing with “short”
interrupted time series designs that do not have statistical requirements for a minimum number
of data points, since ARIMA modeling is not feasible [11, 53]. In these contexts, some measure
of trend “stability” - particularly in the pre period - would be more appropriate.
The second part of the falsification test proposed in Section 3.5 is a useful starting point. In
contrast to the first part, which tests whether the intervention point is the most significant break
point, the second part tests for overall variability between adjacent times at various “bin points”
in the data. If many of these points have statistically significant breaks, the data may not be
stable enough for a single ITS analysis. While this is only one data point, this test suggested 11
potential break points in the pre period (see Figure 10). The trend in the pre period is especially
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important in establishing a credible counterfactual, thus making the poor performance of the
available data even more concerning.
Similarly, the time frame that is deemed appropriate for a SITS analysis should be a function of
the presence of trends and fluctuations in the pre period data. Whenever possible, historical data
for the outcome of interest should be obtained to develop a strong prior for underlying trends in
the data. These data need not be from the actual sample, provided that the population is at least
somewhat comparable to the sampling frame.

5.1.4

Whether to implement a SITS design is more important than how to implement it

The results of the WSC in this paper were robust to every specification attempted (see Table 4).
The simple SITS model was as good (or as bad) as a fully specified one, accounting for various
threats to validity outlined above. That is to say, the robustness of a SITS model to alternative
specifications provided little information about the validity of its results. Granted, an especially
sensitive model may imply that the model is poor. However, the fact that a model provides
consistent results across multiple specifications does not even guarantee that results will be in
the right direction, as this exercise shows.
Thus, the results of the analyses in this paper suggest that the underlying properties of the
data have far more impact on the validity of single ITS results than modeling decisions. This
is an interesting contrast to WSCs using other quasi-experimental techniques. For example, the
literature on propensity score matching has found that the validity of inferences based on matching is highly sensitive to analytic discretion [35, 62, 67, 69]. For single ITS, however, emphasis
should be placed on the choice of whether or not to employ a given design, while how to best
implement it should be a secondary concern. To understand if and when single ITS should
be used, further research could employ multiple within-study comparisons of the same study.
For example, a randomized trial with multiple time points could be analyzed via interrupted
time series, a traditional difference-in-differences, and a difference-in-differences using various
matching techniques.
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6

Conclusion

So when should single ITS be used? In this paper we identify a number of characteristics that
signal to researchers and implementers that they should be particularly wary of using a single
ITS design.7 Identifying conditions especially conducive to the design is a much more difficult
(and data intensive) task than identifying reasons that the design may fail. Still, the fact that the
two WSCs in this paper generated such different conclusions for the single ITS design suggests
that the following hypotheses be further tested:

1. The two falsification tests identified in Section 3.5 provides a useful metric for determining
the adequacy of single ITS to detect an unbiased effect in a given scenario. If the first test
fails to reject the null hypothesis of an alternate break point, and the second test finds few
potential breaks in the pre period, single ITS may be a viable candidate for a study design.
2. The data should not have any kind of “dip” or “spike” in the outcome for the time points
leading up to an intervention’s introduction. The presence of such a shift may be a red flag
for the validity of the single ITS as a possible design.
3. Samples selected based on their pre-treatment outcomes may be poor candidates for single ITS. In contrast, interventions that are distributed across a population, where a study
sample can be drawn randomly, may be more desirable.

This list represents a set of hypotheses to be further explored in research scrutinizing single
ITS. In the meantime, the results of this paper suggest that caution should be exercised before
adopting this popular quasi-experimental study design.
7 A note outside of the scope of this analysis: the presence of a comparable control group in a multiple ITS design
may account for many of the shortcomings in single ITS identified in this paper [67]. For example, a similarly selected
control sample with the kind of spike identified in the treatment data could potentially offset the bias introduced
in the single ITS analysis. However, as noted earlier, the control sample would have to mirror the sampling of the
treatment group quite closely for this to occur. Such a design is also less reliant on projected counterfactuals, though
is subject to the issues outlined in the literature on control groups and matching techniques [51, 69].
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