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 The purpose is to introduce randomized controlled trials (RCTs) and some 
practical considerations when using them.

 The RCT is considered the gold standard of impact evaluation.
• The advantage of an RCT study design is that it allows us to estimate the 

counterfactual based on the outcomes of nonparticipants.
• Comparing the outcomes of program participants and nonparticipants shows 

the impact of the program.
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Introduction
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Presentation Notes
We often want to study the impact of a program on an outcome that the program aims to improve. For example, we might be interested in the effect of taking CTE courses on high school graduation rates or the rates of postsecondary enrollment.For individuals who participate in the program, we can observe their outcomes (e.g., whether they graduated from high school or enrolled in postsecondary education) after they participate. But to know how the program affected their outcomes, we need to know what their outcomes would have been had they not participated. Known as the counterfactual, we can never observe it in practice.The advantage of an RCT study design is that it allows us to estimate the counterfactual based on the outcomes of nonparticipants.In a well-designed and well-executed RCT, comparing the outcomes of program participants to the outcomes of nonparticipants tells you the impact of the program.Because of the strong internal validity of a well-executed RCT, the design is sometimes called the gold standard of impact evaluation. RCTs offer the best evidence on program impacts.



 In a basic RCT, units of analysis/observation are assigned to the treatment group 
or the control group (the experimental conditions).

 The assignment to experimental conditions must be solely by chance.
 RCTs can have different designs:

• The design could have more than two experimental conditions.
• The probability of assignment does not have to be 50/50.

 The analytic sample is the set of observations used to estimate the impact of an 
intervention being studied and should only include those randomly assigned to 
the experimental conditions.
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Basics of RCT
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In a basic RCT, the units of analysis/observation that are part of the analytic sample are assigned to one of two groups: treatment or control.Participants assigned to the treatment group are eligible to receive the intervention being studied. Those assigned to the control group are not.Importantly, the assignment of individuals to experimental conditions must be solely by chance—such as flipping a coin and assigning units to the treatment group if the coin comes up heads and to the control group if the coin comes up tails.For example, in Hemelt et al. (2019), rising ninth-grade students interested in attending an information technology–focused career academy were randomly selected from among the pool of interested students who applied.An experimental design could have more than two experimental conditions. If multiple components to the program are being studied, a multiarm design can allow the researcher to estimate the separate impacts of program components.The probability of assignment to the experimental conditions does not have to be the same for each condition. Rather than a 50/50 chance of being assigned to the treatment group (in a two-arm RCT), a higher (or lower) proportion of eligible units can be assigned to the treatment group.The analytic sample is the set of observations used to estimate the impact of an intervention being studied using an RCT.It should include only those individuals who were randomly assigned to one of the two experimental conditions (i.e., the treatment or control groups).For example, if applicants to a program are screened before being randomly assigned to the experimental conditions, with only those between 18 and 24 years old eligible for the program, then the analysis sample should not include applicants whose ages were outside that range.



 RCTs can be challenging to implement.
• Program administrators can be reluctant to deny services to clients or resist 

using a lottery.
• Randomization requires close collaboration to be done correctly.

 RCTs are best suited for situations with excess demand.
• Filling limited program slots by lottery seems fair.
• Administrators may be more open to RCT if the probability of assignment to 

treatment is > 50%.
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Conditions Amendable to RCT
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RCTs can be challenging to implement successfully.Some program administrators do not want to deny services to their clients and resist using a lottery to determine who gets services and who does not receive services.Integrating random assignment into program operations can be difficult and may require close collaboration with program administrators to ensure that randomization is done correctly.When assigning individuals, RCTs are best suited for situations in which a program has excess demand. In that scenario, using a lottery to allocate limited program spots appeals to a sense of fairness.Program administrators also may be more open to implementing an RCT if the probability of assignment to the treatment is greater than 50% (although that reduces the design’s statistical power).



 Individual-level versus cluster
• Individual-level random assignment involves randomization at the level of 

program participants.
• Cluster random assignment involves randomization at the level of groups of 

individuals, called clusters (e.g., schools).
 Sometimes individual-level randomization is not feasible.

• But the outcome(s) of interest may still be individual level.
• In a cluster RCT, you need to account for the clustering at the analysis stage.
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Levels of Randomization

Presenter
Presentation Notes
When designing an RCT, the researcher must decide the level at which randomization is to be implemented.Individual-level random assignment involves randomization at the level of an individual program participant. For example, students interested in a school program providing work-based learning opportunities could be randomly assigned either to participate in the program (the treatment group) or not (the control group).Cluster random assignment involves randomizing not at the level of individual participants but for groups of individuals (called clusters).Sometimes it is not feasible to randomize at the individual level. For example, to study the effects of a new school-level CTE strategy on student outcomes, you might randomize schools in a district to either implement the new strategy (the treatment group) or not (the control group).The outcome(s) of interest may still be individual-level outcomes (e.g., student test scores).Estimating program impacts using an RCT is similar for both individual and cluster designs. But when using a clustered design, you must account for the clustering at the analysis stage.



 One simple approach would be to randomize each participant as they enter 
the study.
• There is a risk of unbalanced group assignments simply by chance.

 Using a blocking strategy (also called stratified random assignment) can 
help ensure that the groups are balanced.
• The sample is first split into groups by one or more characteristics.
• Units are randomly assigned within each group.

 If you use blocking, you need to account for the blocks when estimating 
treatment effects.
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Randomization and Blocking Strategies
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To operationalize random assignment in practice, one simple approach would be to randomize each participant as they enter the study.For example, as students are determined eligible to participate in the study, you could flip a coin to determine their experimental assignment.The problem with this approach is that there is a risk that the treatment and control groups could end up unbalanced simply because of chance. For example, if you expect the analytic sample to be comprised mostly of males, the small proportion of females in the sample could end up being assigned mostly to the treatment (or control) group. If the two groups are severely unbalanced by gender, we may question whether the estimated treatment effects are biased by the imbalance.Also known as stratified random assignment, implementing a blocking strategy can help ensure that the treatment and control groups are balanced.The sample is first split into groups on the basis of one or more characteristics (e.g., gender).Within each group, units are randomly assigned. The treatment assignment probability can vary by group. For example, you might split the sample into two groups by baseline mathematics scores and assign 50% of the students with high baseline mathematics scores to the treatment and 75% of students with low baseline mathematics scores to the control group.If you use a blocking procedure when randomizing, then you need to control for blocks later when estimating the treatment effects.



 When designing an RCT, you want to make sure that the study has a good 
chance of detecting an impact if one exists.

 Beforehand, you can identify the sample size necessary to give the design 
sufficient power.

 Generally, larger sample sizes provide greater power.
• Example: Outcome is graduation rate, control group rate is 85%.

– With a sample size of 100, you can only detect an impact as small as 15 pp.
– With a sample size of 1,000, you can detect an impact as small as 6 pp.

 Most statistical computing packages have commands for doing power analyses 
(power in Stata and pwr in R).
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Statistical Power
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When designing an RCT, you want to make sure that the study has a good chance of detecting an impact if one exists. The way to judge whether that is the case is to analyze the power of your experiment. The statistical power associated with a research design indicates how likely it is that the analysis will detect an impact if the intervention truly has one.At the study design stage, power calculations identify the sample size necessary to give the design sufficient power. Such calculations avoid situations where an RCT finds no effect but is based on a sufficiently small sample that it is unclear whether the intervention truly has no impact or the sample was just too small to detect it. It also helps ensure that the sample size is no bigger than necessary, helping make efficient use of resources.Power calculations are based on four interrelated factors: (a) sample size, (b) the size of the impact to be estimated, (c) significance level, and (d) power. If you know any three, you can solve for the fourth.Generally, for a given significance level and hypothesized impact, larger sample sizes provide greater power. They make it possible to detect ever smaller true impacts.The appropriate formulas for calculating power depend on not only the factors presented earlier but also the statistical method used to estimate impact, such as comparing means.For example, using standard assumptions for an outcome like graduation rate of 85%With a sample of 100, you can only detect an impact as small as 15 percentage points. So your experiment is only likely to find an impact if the true impact is to increase the graduation rate to 100 percent.With a sample of 1,000, you can detect an impact as small as 6 percentage points. Now your experiment is likely to find an impact if the true impact is at least 6 percentage points, which is more a more reasonable expectation.Most statistical computing software packages have commands that allow you to do power analyses very easily (e.g., Stata’s power command and the pwr package in R).



 If random assignment was executed well, the baseline characteristics of the 
treatment and control groups should be balanced.
• The similarity between treatment and control groups prior to the start of the 

intervention is called baseline equivalence.
 To confirm baseline equivalence, you test for statistically significant differences in 

baseline characteristics between the two groups.
• Data often come from a baseline survey or administrative data.

 There should be no (or few) differences that are statistically significant.
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Assessing Baseline Equivalence
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If random assignment was executed well, the baseline characteristics of the treatment and control groups should be balanced.To confirm that random assignment produced balanced treatment and control groups, you can test for statistically significant differences between characteristics measured at baseline (i.e., before the treatment was offered). Most often these data come from a baseline survey or existing administrative data covering a preintervention period.If random assignment was successful, there should be no or few statistically significant differences in baseline characteristics between the treatment and comparison groups.



 Two other issues can arise when implementing an RCT: attrition and missing 
data.

 Attrition is when outcome data are unavailable for some sample members – it 
can bias the estimated treatment effects.
• Two types of attrition matter: (1) overall attrition and (2) differential attrition 

between the treatment and comparison group.
 Missing data arise when some data are missing for study participants.

• There are various ways to address this issue, such as by dropping 
observations with incomplete data or imputing the missing data.
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Potential Threats: Attrition and Missing Data
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Although we will not spend time discussing them in detail, two other issues may arise when implementing an RCT—attrition and missing data—but neither is specific to the RCT design per se.Attrition refers to outcome data being unavailable for some sample members, which can bias the estimated treatment effects. For example, if the outcome is derived from a follow-up survey, some study participants may fail to complete the survey.Two types of attrition matter: (a) overall attrition (e.g., only 50% of the participants return a follow-up survey) and (b) differential attrition between the treatment and comparison groups. Both can bias the estimated treatment effect.Missing data arise when some data are missing for some study participants. For example, a study participant may have declined to answer one question on a follow-up survey.Missing data can be dealt with in various different ways, such as dropping observations with incomplete data or imputing the missing data.



 If the RCT was implemented correctly, the simplest estimate of the treatment 
effect is the difference in means of the outcome variable between the treatment 
and comparison groups:

Treatment effect = 𝑌𝑌𝑇𝑇 − 𝑌𝑌𝐶𝐶
 Formal statistical hypothesis testing procedures are used to judge statistical 

significance.
 Hypothesis testing is easily done in major statistical computing packages.
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Estimating Treatment Effects: Differences in Means
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If the RCT was implemented correctly, the treatment and comparison groups are equivalent at baseline, and there are no attrition or missing data concerns, the simplest estimate of the treatment effect is the difference in means of the outcome variable between the treatment and comparison groups:Treatment effect=  𝑌 𝑇  −  𝑌 𝐶  Formal statistical hypothesis testing procedures are used to judge whether the observed treatment effect is statistically significant.In practice, testing the difference in means is easily done using automated routines in major statistical computing software packages.



 Often researchers will supplement the comparison of means with regression-adjusted
estimates.
• This approach increases precision by controlling for variation in the outcome that is 

correlated with observable baseline characteristics.
 To do this, you estimate a regression model:

𝑌𝑌𝑖𝑖 = α + β𝑋𝑋𝑖𝑖 + δ𝑇𝑇𝑖𝑖 + εi
• 𝑋𝑋𝑖𝑖 represents the set of baseline characteristics, and 𝑇𝑇𝑖𝑖 is an indicator variable for 

assignment to the treatment.
• δ represents the treatment effect.

 You then test whether the estimated treatment effect, �δ, is statistically significant.
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Estimating Treatment Effects: Regression Adjustment
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The difference in means between the treatment and comparison groups gives an unbiased estimate of the treatment effect from an RCT.Researchers often supplement the comparison of means with regression-adjusted estimates.The idea behind regression adjustment is to control for variation in the outcome that is correlated with observable baseline characteristics. This increases the precision with which we can estimate the treatment effect.To use regression-adjustment to estimate the treatment effect, you estimate a regression model as shownIn the regression equation, the term  𝑋 𝑖  represents the set of baseline characteristics for which you want to control, and  𝑇 𝑖  is an indicator variable equal to one for observations that were assigned to the treatment group.The treatment effect is represented by the parameter δ.Standard statistical hypothesis testing will show whether the estimated treatment effect,  δ , is statistically significant.



 In practice, some treatment group members may not enroll in the program or vice 
versa, leading to noncompliance.

 You can ignore noncompliance and estimate the intent-to-treat (ITT) effect.
 Or you can estimate the average treatment effect on individuals who would 

comply with their treatment assignment, called the complier average causal
effect (CACE).

� �CACE = ⁄ITT 𝐷𝐷𝑇𝑇 − 𝐷𝐷𝐶𝐶
• 𝐷𝐷𝑇𝑇 is an indicator variable for being assigned to and receiving treatment, and 
𝐷𝐷𝐶𝐶 is an indicator variable for being assigned to control and receiving treatment.
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Estimation With Noncompliance
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To this point, we have implicitly assumed that individuals assigned to the treatment actually receive the treatment and those assigned to the control group do not receive the treatment.In practice, however, the process may turn out to be more complex. Some treatment group members may choose not to enroll in the program being studied despite the offer. Some control group members may somehow enroll in the program or else receive the same services from elsewhere.These are examples of noncompliance with the treatment assignment.We will not go into detail, but there are common ways of estimating treatment effects when some degree of noncompliance is present.One alternative is to estimate the treatment effect as we described earlier (either using the difference in means or regression adjustment), ignoring whether the treatment was actually received by each participant. This estimate is called the ITT effect.Under some assumptions about the nature of noncompliance, researchers also estimate the CACE, which is the average effect of the treatment on those individuals who would comply with their treatment assignment. There are two ways to recover the CACE:Divide the estimated ITT effect by the difference in the proportion of individuals that actually received the treatment between those assigned to the treatment and control groups: CACE =  ITT     𝐷 𝑇  −  𝐷 𝐶    In the equation,  ITT  is the ITT estimate,  𝐷 𝑇  is an indicator variable equal to one for observations assigned to the treatment group who received the treatment, and  𝐷 𝐶  is an indicator variable equal to one for observations assigned to the control group who received the treatment. Note that with perfect compliance with the treatment assignment, the CACE estimate is equivalent to the ITT estimate.



 You can also estimate the CACE using an instrument variables approach:
𝐷𝐷𝑖𝑖 = α1 + β𝑇𝑇𝑖𝑖 + ϵ𝑖𝑖
𝑌𝑌𝑖𝑖 = α2 + δ𝐷𝐷𝑖𝑖 + μ𝑖𝑖

• 𝐷𝐷𝑖𝑖 is an indicator variable for receiving the treatment.
• The estimate �δ is the estimate of the CACE.
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Estimation With Noncompliance
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A second approach is to use an instrumental variables approach and estimate the following model using two-stage least squares, where  𝐷 𝑖  is an indicator variable equal to one if individual 𝑖 received the treatment: 𝐷 𝑖 = α 1 +β 𝑇 𝑖 + ϵ 𝑖  𝑌 𝑖 = α 2 +δ 𝐷 𝑖 + μ 𝑖 The first equation is estimated as the first stage, then used to generate predicted values of  𝐷 𝑖 . The predicted values of  𝐷 𝑖  are then used in the second equation in place of  𝐷 𝑖 . The estimate  δ  is the estimate of the CACE.



 RCTs are the gold standard for estimating program impacts but must be executed well to 
produce reliable results.

 The WWC has two criteria for well-executed randomization: (1) assignment of units 
entirely by chance and (2) every unit must have a chance to be assigned to each group.

 WWC reviewers consider two types of attrition thresholds used by WWC reviewers:
 For individual-level RCTs, attrition must be sufficiently low to be eligible for the highest 

WWC standard rating. There are two types of attrition thresholds:
• The optimistic attrition threshold applies to interventions that are unlikely to affect 

attrition.
• The cautious attrition threshold applies to interventions that are likely to affect attrition.
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WWC Standards for RCTs
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RCTs are the gold standard for estimating program effects because when implemented well, the design ensures that differences in outcomes can be attributed to the treatment being studied, not to other factors.To achieve this promise, RCT designs must be well executed.The WWC has two criteria for well-executed randomization: (a) the study must assign units entirely by chance, and (b) every unit in the analysis must have a chance of being assigned to each group.Because of these criteria, an analytic sample that includes participants who were assigned to either group by researchers or field workers, including those who joined after the randomization process, will not be reviewed as a RCT.For studies that are not randomized at the cluster level, the study must have sufficiently low attrition rate to be eligible for the highest standard rating: Meets WWC Group Design Standards Without Reservations. Two types of attrition thresholds are used by WWC reviewers: the optimistic attrition threshold and the cautious attrition threshold.The optimistic attrition threshold is used for studies with interventions that are unlikely to affect attrition. For example, a beginning-level reading intervention study may use the optimistic attrition threshold because it is unlikely that a reading intervention would affect the probability of students leaving the study.On the other hand, the cautious attrition threshold is used when participation (or exclusion) in the intervention are likely to affect attrition. Secondary mathematics interventions use cautious attrition threshold because high school students can choose to leave a class because of the intervention (or the lack there of).



 To be eligible to receive a rating of Meets WWC Group Design Standards Without 
Reservations, a cluster-level RCT study must have low cluster-level attrition, limit the risk of 
bias because of joiners, and have low individual-level nonresponse.

 RCT studies that do not meet the requirements for the highest rating can be eligible to receive 
a rating of Meets WWC Group Design Standards With Reservations under certain 
conditions:
• An individual-level RCT with high attrition must demonstrate baseline equivalence (BLE).
• A cluster-level RCT must establish BLE if any of the requirements noted above are not met.
• There are some other requirements for cluster-level RCTs.

 Studies that do not satisfy the more lenient standards will receive a rating of Does Not Meet 
WWC Group Design Standards.
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WWC Standards for RCTs
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A cluster-level RCT study must have low cluster-level attrition, limit the risk of bias because of joiners, and have low individual-level nonresponse to be eligible to Meet WWC Group Design Standards Without Reservations.Studies that do not meet the requirements for the highest WWC standard rating may be eligible to Meet WWC Group Design Standards with Reservations, such as:An individual-level RCT that did not pass the attrition threshold, but that demonstrates baseline equivalence of the analytic intervention and comparison groups.A cluster-level RCT for which any of the three requirements above are not met but for which baseline equivalence is established. Moreover, individuals in the analytic sample must be representative of clusters and the study must either feature low cluster-level attrition or demonstrate BLE of the analytic sample of clustersStudies that do not satisfy the more lenient standards will receive a rating of Does Not Meet WWC Group Design Standards 
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