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Randomized Controlled Trials (RCTs) are considered the gold standard for measuring the efficacy of medical interventions. However, RCTs are expensive, and use a limited population. Techniques to estimate the effects of stroke interventions from observational data that minimize confounding would be useful. We used regression discontinuity design (RDD), a technique well-established in economics, on the Get With The Guidelines-Stroke (GWTG-Stroke) data set. RDD, based on regression, measures the occurrence of a discontinuity in an outcome (e.g., odds of home discharge) as a function of an intervention (e.g., alteplase) that becomes significantly more likely when crossing the threshold of a continuous variable that determines that intervention (e.g., time from symptom onset, since alteplase is only given if symptom onset is less than e.g., 3 h). The technique assumes that patients near either side of a threshold (e.g., 2.99 and 3.01 h from symptom onset) are indistinguishable other than the use of the treatment. We compared outcomes of patients whose estimated onset to treatment time fell on either side of the treatment threshold for three cohorts of patients in the GWTG-Stroke data set. This data set spanned three different treatment thresholds for alteplase (3 h, 2003–2007, N = 1,869; 3 h, 2009–2016, N = 13,086, and 4.5 h, 2009–2016, N = 6,550). Patient demographic characteristics were overall similar across the treatment thresholds. We did not find evidence of a discontinuity in clinical outcome at any treatment threshold attributable to alteplase. Potential reasons for failing to find an effect include violation of some RDD assumptions in clinical care, large sample sizes required, or already-well-chosen treatment threshold.
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INTRODUCTION

Randomized controlled trials (RCTs) are considered the gold standard in clinical investigation because, ideally, RCTs remove both known and unknown imbalances in groups that could lead investigators to wrongly conclude a treatment is efficacious (1). Data from RCTs are generally required before regulatory approval is granted to market a drug treatment (e.g., alteplase for acute ischemic stroke) (2), and new interventions typically require data from RCTs on efficacy before they are widely accepted.

Therapies that have a treatment threshold lead to challenging problems about the choice of those thresholds. In the case of alteplase, only patients whose symptoms began before the threshold time (e.g., 3 h prior to presentation) are eligible for treatment. The time window curtails treatment in clinical practice, and off-label use beyond approved time windows introduces legal and ethical concerns. If a treatment is effective within a narrow time window (e.g., 3 h for alteplase), there is typically a desire to extend it further to increase the number of patients who might be treated. Yet, each new time window typically requires another RCT, with the associated time and expenses of planning and conducting the trial. In the case of alteplase, data from other clinical trials was utilized to propose additional RCTs. However, extending the time window for fibrinolytic treatment expressly carried an increased risk of intracranial hemorrhage, which was borne out in a RCT with an extended time window (3). The concern for symptomatic hemorrhage has guided the design and conduct of RCTs for ischemic stroke generally (4, 5). Publication of an RCT showing that treatment up to 4.5 h after symptom onset was efficacious required several more years (6). Clinicians are often hesitant to wait years for new RCTs, and may treat patients outside of rigorously applied clinical trial protocols (7). Each new therapy (e.g., endovascular therapy for large vessel occlusion) brings a similar invitation to extend the window as long as it is efficacious. Conversely, some RCTs of time-limited therapies are negative, leading to the testing of more stringent time windows in hopes of finding efficacy [e.g., shortening the window of recombinant Factor VII for intracerebral hemorrhage from 3 h of symptom onset (8) to 2.5 h (9)]. Methods to hasten the determination of effective time windows for treatments with a threshold are needed.

New analytic techniques may improve our ability to determine the optimal treatment window for time-limited treatments. Regression Discontinuity Design (RDD), well-validated in economics and epidemiology (10–13), could be particularly helpful for determining if treatment thresholds are correctly set. RDD uses observational data to examine whether patients just above and just below the treatment threshold have different outcomes. RDD depends on the assumption that patients within a small window on either side of a threshold are no different other than being eligible for a treatment. We hypothesized that RDD would be a useful technique to evaluate alteplase treatment thresholds using observational data (clinical data), and that we could compare the results with those from already-conducted RCTs (6). RDD could eventually supplement RCTs in clinical decision making.



METHODS

We queried the Get With The Guidelines-Stroke (GWTG-Stroke) stroke data set, a long-standing, observational registry of patients with stroke. The methods of the GTWG-Stroke data set have been previously described in detail (14–16). To perform an RDD analysis, one requires for all patients the outcome variable of interest (e.g., home discharge), the continuous variable which determines the intervention (e.g., time from symptom onset until treatment decision), and the threshold value for this continuous variable that determines treatment administration [e.g., 3 h as shown in the original NINDS trial (2), or 4.5 h as in the ECASS III trial (6)]. If there is a difference (“discontinuity”) in outcomes between these two groups (that is not attributable to confounding variables), the difference in outcomes can be attributed to the treatment. To perform this analysis, a regression model is fit, including a parameter that estimates the magnitude of discontinuity in outcomes between patients on either side of the threshold.

We examined the following clinical outcomes for signs of a discontinuity: good discharge disposition, in-hospital mortality, length of hospital stay, ambulatory status at discharge, and modified Rankin Scale at discharge (see Supplementary Table 1 for details). We also analyzed factors that might have influenced the use or effectiveness of alteplase by building more sophisticated, adjusted models. These characteristics included patient age, sex, race/ethnicity, relevant past medical history (e.g., prior ischemic stroke, coronary heart disease, etc., NIH Stroke Scale (NIHSS), as well as hospital characteristics such as setting (urban, rural), and annual volume of patients with ischemic stroke. These demographic variables allow us to more accurately estimate the effect of alteplase, but also to confirm the validity of our model. The unadjusted models do not include this additional information. Since patients are assumed to be similar on either side of the threshold, a discontinuity in a demographic variable at the threshold could be evidence that this assumption is violated. Thus, we checked for discontinuities in demographic factors as well as in outcomes.

All participating institutions were required to comply with local regulatory and privacy guidelines and, if required, to secure institutional review board approval. Because data were used primarily at the local site for quality improvement, sites were granted a waiver of informed consent under the common rule.



METHODS: RUNNING VARIABLE IMPUTATION

Our analysis required modification of the standard RDD setup due to different data recorded for treated and untreated patients. In a standard RDD, the running variable that determines the treatment is observed for both patients that are treated, as well as for patients that are not treated (e.g., a test score that determines a scholarship award). In our case, alteplase should only be administered within the time window in question (e.g., before 3 h) starting with the time of symptoms onset. Thus, for patients who are treated, the sequence of events that must take place within this window are: (1) development of symptoms, (2) clinical imaging (CT scan) to determine the need for treatment, and (3) the treatment itself. A reasonable running variable for this situation is the sum of these three times, which we call onset to treatment time. The situation for patients who are not treated is different because there is no time of treatment with alteplase. To address this issue, for both treated and untreated patients, we imputed the time from clinical imaging to treatment. We imputed this value using the median from the patient's hospital in that particular year. We call this running variable estimated onset to treatment time (OTTest). Multilevel modeling could be useful in such a scenario, but this is not yet routinely done in RDD analyses.

This method of estimating times for treated and untreated patients is reasonable. First, the time to administration of alteplase is known for each hospital each year, and reflects established protocols of stroke care. Second, the magnitude of the imputed value is about 20% of the total running variable; modest compared with the other two components. Third, the imputed onset to treatment time still reflects the most important clinical information that is used to determine alteplase administration (time from symptom development, and time of clinical imaging). We feel that the onset to treatment time and estimated onset to treatment time both contain essentially the same clinical information for treated and untreated patients, making it a reasonable running variable. Last, imputation of this value does not bias us toward finding an effect of alteplase, as would be the case if imputation introduced an artificial discontinuity in estimated onset to treatment time. Notably, the imputed time was used for both treated and untreated patients. Furthermore, time from symptom development and time to imaging for untreated patients are noisy measurements, and imputation of the time from imaging to treatment simply adds a fixed value to this. If anything, it introduces more noise, biasing us against finding a causal effect of alteplase.



METHODS: SHARP RDD

To determine if there is a discontinuity in outcome at the desired treatment threshold (e.g., 3 h from symptom onset), we constructed regression models that allow clinical outcomes (e.g., favorable hospital disposition) to be explained by the time from symptom onset to treatment—whether the patient was treated with alteplase—and patient- and hospital-specific characteristics (Equation 1). In the simplest form of RDD, sharp RDD, all patients on the left of the threshold (e.g., before 3 h) would receive alteplase, and none of the patients on the right of the threshold (e.g., after 3 h) would receive it. Treatment with alteplase is thus modeled as binary, and depends only on estimated onset to treatment time and the treatment threshold. Its corresponding regression parameter (Equation 1, parameter b3) is an estimate of the effect of treatment with alteplase. If there is a discontinuity in outcome at the treatment threshold (that is not attributable to confounding factors), the parameter relating alteplase administration to clinical outcome will be significantly different from zero.

We fit a logistic regression model of the log odds of favorable clinical outcome (a dichotomous variable, see Supplementary Table 1 for clinical outcomes examined), as a function of regressors given below, as well as patient- and hospital-specific characteristics (see Supplementary Table 2). NIH Stroke Scale was considered in a separate adjusted model due to a substantial amount of missing data (Supplementary Table 7). The adjusted equation for sharp RDD was:
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Y is the dichotomized clinical outcome, P(Y) is the probability of that outcome, and LO(Y) is the log odds of that outcome. OTTest indicates estimated onset to treatment time; I[OTTest ≤ c] is an indicator variable that equals 1 when the patient's onset to treatment time is less than the threshold time, c, and 0 otherwise; c has a value of 3 or 4.5 h depending on the cohort; X is a matrix containing the patient- and hospital-specific factors considered (see Supplementary Table 2); ε is an error term. The parameter b3 is the one of greatest interest, as it models the effect of alteplase treatment on log odds of clinical outcome at the threshold. The meaning of b3 can be seen by taking the difference in log odds of outcome of treated and untreated patients at the threshold (Equation 2); it is exactly the difference in log odds of outcome at the threshold. Exponentiating b3 gives the odds ratio of good clinical outcome to poor clinical outcome at the threshold. Values of exp(b3) greater than one (equivalent to b3 > 0) should be interpreted as increasing the odds of the clinical outcome of interest.
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The parameter b0 is an intercept term; b1 gives the slope of log odds of Y as a function of OTTest on the right side of the cutoff; b2 is the parameter of the interaction term (OTTest − c)I[OTTest ≤ c], which effectively allows the slope to be different on the left and right sides of the threshold; b4 is the set of weights corresponding to each of the patient- and hospital-specific variables contained in X. In RDD analyses, the intercept and slope parameters are not typically of primary interest for causal interpretation. One can still, for example, speculate about the meaning of the slope, with the caveat that patients become less similar as you get farther from the threshold, and so are less comparable. In contrast, the discontinuity parameter, b3, is interpreted as the causal effect of the treatment at the threshold.



METHODS: FUZZY RDD

In some cases, alteplase was administered outside of the treatment window, or not administered within the treatment window, meaning that the assumptions of sharp RDD do not strictly apply. Thus, we also applied fuzzy RDD, a technique used to model imperfect treatment compliance. Fuzzy RDD is widely used in health policy research and elsewhere (17, 18).

We used a two-stage, instrumental variable approach. Stage one models alteplase treatment administration (i.e., compliance); stage two models the clinical outcome as a function of OTTest and alteplase administration, similar to sharp RDD. Both stages also include patient- and hospital-specific characteristics, as these could differentially affect alteplase administration and clinical outcome.

We modeled the log odds of alteplase administration as a function of running variable, treatment window threshold, and patient- and hospital-specific factors. The equation for Stage 1 was:
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Here, P(tPA) is the probability of alteplase administration, and LO(tPA) is the log odds of tPA administration. OTTest indicates the imputed onset to treatment time. The parameters of this equation, [image: image] have a superscript that denotes the stage of the model (first stage, here), and a subscript that uniquely identifies each term. The parameter [image: image] is an intercept for the model of alteplase compliance; [image: image] is a parameter that models alteplase compliance on the left side of the threshold; [image: image] is a set of parameters that models alteplase administration as a function of patient- and hospital-specific factors.

In the second stage, we modeled the log odds of clinical outcome as a function of running variable, treatment window threshold, and patient- and hospital- specific factors. The equation for Stage 2 was:

[image: image]

Here, again, Y refers to the dichotomized clinical outcome and P(Y)to the probability of the clinical outcome. LO(tPA)refers to the predicted log odds of alteplase administration, from the first stage (Equation 3). The parameters of this equation, [image: image]have a superscript that denotes the stage of the model (second stage, here), and a subscript that uniquely identifies each term. The parameter [image: image] is again of greatest interest, as it models the effect of alteplase treatment on log odds of clinical outcome. The meaning of [image: image] can be seen by taking the difference in log odds of outcome of treated and untreated patients at the threshold (Equation 5). Unlike sharp RDD, the difference in log odds depends on [image: image] as well as [image: image]. This makes sense because [image: image] is the additional log odds of alteplase administration for patients with OTTest within the treatment window. In other words, outcomes in a fuzzy RDD model depend both on the treatment effect size and the compliance. Values of [image: image] should be interpreted as increasing the odds of the clinical outcome of interest.
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The parameter [image: image] is an intercept term; [image: image] gives the slope of log odds of Y as a function of OTTest independent of alteplase administration (analogous to b1 in Equation 1); [image: image] gives the slow of log odds of Y as a function of (OTTest − c)LO(tPA) (analogous to b2 in Equation 1); b4 is the set of weights corresponding to each of the patient- and hospital-specific variables contained in X.

Another important issue with instrumental variable models is the “strength” of the instrument. If there were a weak or non-existent relationship between estimated onset to treatment time and odds of tPA administration, there would be no point in examining whether estimated onset to treatment time affects clinical outcomes, since our proposed model is that estimated onset to treatment time affects odds of alteplase administration which in turn may affect clinical outcome. Supplementary Table 3 shows percentage of patients receiving alteplase on each side of the threshold in each cohort. In all cohorts there is meaningful difference in odds of alteplase administration. Thus, we have a relatively strong instrument to examine the effect of alteplase on clinical outcomes.

Analyses were performed using the SAS version 9.4 (SAS Institute Inc., Cary, NC, USA) and R version 3.4.4 (R Core Team, 2018, Vienna, Austria). All P-values are 2-sided tests and were considered statistically significant at <0.05. Duke Clinical Research Institute (DCRI) served as the data analysis center.



RESULTS

We analyzed three separate cohorts within the GWTG-Stroke registry (Table 1). Cohort A includes patients prior to 2008, when 3 h was the accepted treatment threshold (Table 2). Calendar year 2008 was not modeled, as this was the year that ECASS III reported alteplase was effective up to 4.5 h after symptom onset (6), which represented a new treatment threshold, and practice shifted. In 2009 and afterwards, treatment thresholds of both 3 and 4.5 h were observed for ongoing study. Cohort B includes patients after 2009 who were treated according to the 4.5 h threshold (Table 3). Cohort C includes patients after 2009 who were treated according to the 3 h threshold (Table 4). We included only patients with estimated onset to treatment times within 20 min of the treatment threshold, with valid imaging, and valid imaging times. We excluded inter-hospital transfers, stroke occurring after hospital arrival, contraindications to alteplase, and enrollment in clinical trials of alteplase. After these restrictions, there were 1,869 patients for analysis in Cohort A, 6,550 patients in Cohort B, and 13,086 patients in Cohort C. Cohorts on either side of the treatment threshold were generally well-matched, although there were some differences (Supplementary Tables 4–6; and see below).


Table 1. Cohort Demographics.

[image: Table 1]


Table 2. RDD results from Cohort A (treatment threshold of 3 h, prior to 2008).
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Table 3. RDD results from Cohort B (treatment threshold of 4.5 h, after 2009).
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Table 4. RDD results from Cohort C (treatment threshold of 3 h, after 2009).
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The central result of our study was that, in terms of clinical outcomes (e.g., odds of good discharge disposition), there was no strong evidence of a discontinuity at either the 3 or 4.5 h threshold. This was true using both sharp and fuzzy RDD, suggesting that the result does not depend strongly on the formulation of the model. This was also true using both simple models without patient- and hospital-specific factors and NIH stroke scale, as well as models with those factors. This suggests that the result does not depend strongly on model complexity, and is not related to changes in patient characteristics across the alteplase administration threshold.

We did detect some weak effects with this analysis, however. In Cohort A, the odds of length of stay <4 days was significantly different across the threshold in both the sharp and fuzzy adjusted models (Table 2). But the direction of the effect was opposite what would be expected; patients treated with alteplase were less likely to have a length of stay <4 days than were the untreated patients. In Cohorts B and C, there were multiple outcomes with significant differences across the threshold in the NIHSS-adjusted models (Tables 3, 4). Some of these effects, again, had the opposite direction that would be expected with alteplase treatment (negative values of [image: image]). Furthermore, there was a significant amount of missing NIHSS data (Supplementary Table 7), and likely as a result, there were significant differences in initial NIHSS score across the thresholds (see below). Overall, we feel that these results are more likely explained by the fact that we tested many outcomes and would expect some to be positive by chance, and by biased subgroups. We thus do not feel justified in claiming any strong effects of alteplase administration at the treatment thresholds of 3 or 4.5 h.

We also checked for confounding by examining whether patient- and hospital-specific quantities (e.g., demographic factors) had discontinuities at the treatment thresholds. For an RDD to be valid, there should not be discontinuities in these quantities at the threshold, since any putative discontinuity in outcome could be attributed to the discontinuity in these factors rather than to the treatment itself. Thus, this analysis would be more important if there were significant differences in clinical outcome, which we did not find. Nevertheless, we tested many patient- and hospital-specific quantities (Supplementary Tables 4–6). Cohorts B and C included significantly more patients than Cohort A, and had more significant differences in patient- and hospital- specific quantities across the threshold. In cohorts B and C, initial NIHSS was higher in post-threshold patients than pre-threshold patients. NIHSS was missing in a larger percentage of pre-threshold patients in Cohorts A and C. This likely means that NIHSS score measurement was not random, and that the NIHSS-possessing subgroups were not as comparable on either side of the treatment thresholds (see paragraph above). This casts some doubt on the results of the NIHSS-adjusted models. Ambulatory status was different across the threshold in Cohorts B and C. Overall, there were some patient- and hospital-specific quantities that were imbalanced across the threshold. Some of this may be due to true imbalance, some due to chance, and perhaps some due to differences in data collection on each side of the threshold, which is likely not as consistent as in an RCT. Again, the lack of differences in outcome make this analysis less crucial. Experimental techniques short of experimental randomization do have their limitations, but it is also important to keep in mind that RCTs can also have such imbalance that does not necessarily threaten causal validity.



DISCUSSION

Using RDD in a nationwide data set, we found no convincing evidence of a discontinuity in the effectiveness of alteplase on clinical outcomes after ischemic stroke around the 3 and 4.5 h treatment thresholds. This result is not necessarily inconsistent with an RCT (6) showing positive, but modest, effects in the 3 to 4.5 h window. These data suggest that using RDD to extend treatment windows for alteplase may be challenging.

There are several potential explanations for not detecting an effect of alteplase at these thresholds. First, our analyses sought to detect a difference during the hospitalization or at the time of hospital discharge. Alteplase leads to improved outcome at 3 months, not to improved discharge disposition, so functional outcomes [e.g., the modified Rankin Scale (2, 6) months later] or health-related quality of life (19–21), might be more likely to show effects of alteplase treatment. Next, our study may have been underpowered. We chose a window of 20 min on either side of the treatment threshold, which led to smaller cohorts. These potential limitations may have attenuated our ability to detect an effect using RDD. Next, our continuous variable, estimated onset to treatment time, was imputed using hospital-specific characteristics, which added some noise near the threshold, further reducing power. Lastly, treatment thresholds chosen by expert clinicians may be accurate guesses of the optimal treatment threshold, and so further extensions of time windows for treatment may have small marginal benefits (22, 23). For example, if patients just outside the treatment threshold could benefit from alteplase, one would expect the difference in outcomes at the threshold to be larger. Thresholds chosen by experts may also incorporate other information that affects outcome, such as the increased risk of intracerebral hemorrhage due to alteplase, which increases with an expanded time window from symptom onset to treatment (3). These potential limitations may have attenuated our ability to detect an effect using RDD. Future research using RDD will need to carefully choose questions where there are substantial existing data that closely approximate the clinical trial question of interest.

In summary, our RDD analysis did not find a discontinuity in disposition around 3 or 4.5 h alteplase treatment thresholds in acute ischemic stroke. Future investigations with RDD might leverage large data sets with outcome measures sensitive to the intervention, that can be culled from the electronic health record, potentially combining multiple hospitals and institutions.
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