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 The purpose is to introduce comparative interrupted time series (CITS) and some 
practical considerations when using them.

 The session will focus on CITS as applied to aggregate-level outcomes, but a 
similar approach can be used with individual-level outcomes.

 Structure and content follow:
• Hallberg et al. (2018). Short Comparative Interrupted Time Series Using 

Aggregate School-level Data in Education Research
• Reichardt (2019). Quasi-Experimentation: A Guide to Design and Analysis
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Introduction

Presenter
Presentation Notes
The purpose of this module is to introduce CITS research designs and practical considerations when using them.The structure of this module follows the organization of Hallberg et al. (2018). Short Comparative Interrupted Time Series Using Aggregate School-level Data in Education Research. Much of the content is derived from this source. Some of the content is derived from Reichardt (2019), Quasi-Experimentation: A Guide to Design and Analysis.Our discussion will focus on CITS as applied to aggregate-level outcomes, such as school-level outcomes. You also can use a similar approach with individual-level outcomes.
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Intuition Behind ITS and CITS
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Presenter
Presentation Notes
Imagine a scenario in which you are interested in estimating the effect of a particular intervention on an outcome and for which it is not feasible to conduct an experiment. Imagine that the outcome you care about is measured at an aggregate level, such as the school level.Further, assume you can observe the outcome measured consistently across time (e.g., each school year). For example, the outcome of interest might be the on-time high school graduation rate for schools, and you have data for the outcome for a number of school years.Suppose the intervention you are interested in is a school-level intervention, such as the introduction of a new approach to delivering CTE.If you have data on the outcome for multiple years both before and after the introduction of the intervention, one simple way to estimate the effect of the intervention on the outcome is to compare the outcome after the intervention was implemented to the outcome before the intervention was implemented. This basic setup is called an interrupted time series (ITS) design.The image on the left shows what the data in an ITS design might look like.Here, the new CTE approach was implemented in period 6. You might analyze the effect of the new approach on the graduation rate by comparing the rate after the approach was implemented to the rate before it was implemented.CITS is an extension of the ITS design. The difference is that instead of relying only on data for the group exposed to the treatment, CITS incorporates data from a comparison group that is not exposed. The image on the right shows what the data for a CITS analysis might look like.The series in blue is the same as the graph on the left. That represents the data for the schools that implemented the new approach to CTECITS adds the series in orange. That represents the data for schools that didn’t implement the new approach. Those are the comparison group schools.In this module, we’re going to talk about how you implement CITS, the approach on the right.
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Source: Somers, M., Zhu, P., Jacob, R., and Bloom, H. (2013). The Validity and Precision of the Comparative Interrupted Time Series Design and the Difference-in-Difference Design in Educational 
Evaluation. New York, NY: MDRC. Reprinted with permission of MDRC.

Visualizing CITS

Presenter
Presentation Notes
This graph shows visually how the CITS design is used to estimate the impact of a program—in this case an intervention called Reading First.In this scenario, the program is implemented in fall 2004, which is represented by the vertical line. Each data point represents a school, with treatment schools represented by circles and comparison schools represented by Xs.The diagram shows the basic intuition behind applying CITS.For each group of schools, observe the baseline trend (e.g., before the program is implemented in treatment schools) in the outcome of interest.Using the baseline trend to extrapolate beyond the implementation of the program, observe the degree to which outcomes in the postimplementation period deviate from their baseline trends.If certain assumptions are met, then the difference in deviations from trend between the treatment and comparison groups tells you the effect of the program.Compared to ITS, the added comparison group in CITS controls for any unobserved factors affecting the outcome as long as those factors affect both the treatment and comparison groups.



 It is not feasible to implement an RCT.
 The treatment is implemented at an aggregate level.
 You have data covering multiple time periods.
 There is a good comparison group, meaning:

• It is similar to the treatment group across time other than through the treatment.
• It is exposed to the same history and instrumentation threats as the treatment.

 Data are measured consistently for both treatment and control groups.
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Conditions for Implementing CITS

Presenter
Presentation Notes
If it is not feasible to implement an RCT, CITS can be an option. Some within-study comparisons have compared CITS estimates to RCT estimates and showed that the CITS design can generate estimated treatment effects that are close to experimental estimates.If you are studying the effect of a treatment implemented at an aggregate level (e.g., state, district, school, classroom) and you have data covering multiple time periods, including at least four periods prior to the treatment, CITS may be a good approach.You need to have data for not only the treatment group but also a good comparison group. For CITS to produce an unbiased estimate of the treatment effect, the CITS design requires proper model specification and selection of comparison group that (a) does not differ from the treatment across time in ways other than through the effects of the treatment and (b) and is exposed to the same history or instrumentation threats as the treatment group.Moreover, the data for both the treatment and comparison groups must be measured consistently. For example, if you plan to analyze the effect of a new CTE model on student test scores, test scores have to be measured the same way in both the treatment and comparison schools.Because CITS analysis can be done with aggregate-level data, it often is relatively inexpensive because data are typically publicly available.



 CITS addresses a number of potential treats to internal validity in ITS design:
• History: Events that happen simultaneously with the treatment
• Selection: A change in the composition of the treatment group from before to 

after the intervention
• Instrumentation: A change in how the outcome is measured

 If these threats affect both the treatment and comparison groups the same way, 
then adding the comparison group eliminates bias.
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Motivating CITS: Threats to Validity in ITS

Presenter
Presentation Notes
An ITS design is simpler than CITS because it does not involve a comparison group. It is a simple before-after comparison using data from the treatment group.The comparison group feature of CITS is a way to address a number of potential treats to internal validity present in the ITS design:History: History threats arise from other events that happen simultaneously with the treatment. For example, if a district implements two CTE interventions at the same time, an ITS analysis will not be able to distinguish the separate effect of each intervention.Selection: Selection threats occur when the composition of the treatment group changes between the baseline period and the postimplementation period. For example, if the student demographics within the school changed drastically at the same time a new CTE intervention was piloted, the effect of the change in demographics will bias the ITS estimate of the treatment effect of the intervention.Instrumentation: Instrumentation threats are related to changes in how the outcome variable is measured. For example, if a school changes how it measures test scores around the time of the treatment, then an ITS design would conflate the true effect of the treatment with the effect of the change in test score measurement.If these types of threats affect both the comparison group and the treatment group the same way, then the addition of the comparison group provides a way to eliminate the bias they introduce into the estimate of the treatment effect.



 To implement CITS, you need data from multiple time periods.
• Outcome data
• Relevant characteristics of both treatment and comparison groups

 The minimum number of time periods depend on the specific modeling approach.
• Need to observe at least two preintervention time periods
• Need at least three preintervention time periods if using more flexible functional 

forms
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Length of Time Series and Functional Form

Presenter
Presentation Notes
Implementing CITS requires data on the outcome of interest and relevant characteristics of the treatment and comparison groups, measured across multiple time periods.The minimum number of time periods needed depends on the specific modeling approach you implement.We will talk about this more in a bit, but to be able to estimate a CITS model, you need to observe at least two time periods prior to the start of the intervention you are studying.If you decide to model the preintervention period using a more flexible functional form than just the mean, you will need at least three time periods.



 There are five common approaches to identify the comparison group:
• Using all available nontreatment schools: include data from all available 

nontreatments in the same district, state, or country
• Matching: selection based on preintervention characteristics, including the outcome 

measure
• Focal selection: schools that match in terms of observable characteristics
• Local: schools that are geographically close to treatment schools
• Hybrid: mix of both focal and local matching

 There is some evidence that hybrid matching can reduce bias but no clear support for 
any single matching approach.
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Identifying a Comparison Group

Presenter
Presentation Notes
One key task when implementing CITS is to identify the comparison group. Five common approaches can be used to identify a comparison group when applying CITS to analyze school-based outcomes:All available nontreatment schools: This approach gives only an unbiased estimate of the treatment effect if any time-varying factors affect all the treatment and comparison schools in the same way. Without screening the comparison schools for baseline similarities in outcome trends and other characteristics, it is difficult to judge whether that critical assumption holds.Matching: Often the choice is made using a matching method to pick the schools, such as radius matching or nearest neighbor matching. The literature generally suggests that the characteristics on which matches are based is more important than the particular matching method used. When choosing covariates for matching, researchers should focus on factors that can be affected by a change unrelated to the treatment and occur simultaneously to the implementation of the treatment.Local: The logic behind local matching is that schools that are near the treatment schools often are similar in observable and unobservable characteristics, which therefore lowers the likelihood of history threats. For instance, schools in the same district would be exposed to the same district-level policy or other changes, so such factors would not threaten the validity of the design.Hybrid: It involves selecting comparison students by matching from a comparison pool of students consisting of students from the same district (as in local matching) and students in a nonlocal district. When implementing the matching algorithm, comparison students are selected in a sequential process. First, an attempt is made to match treated students to comparison students in the local pool who are sufficiently similar to the treated students along observable dimensions (using a defined caliper around the propensity score).If no students in the local comparison pool fall within the acceptable caliper, then the second step is to match treatment students to comparison students from the nonlocal pool.There is some evidence that hybrid matching can reduce bias in a particular setting, but there is no clear support for any specific matching approach in the CITS design.



 Effects are estimated via CITS using regression analysis.

 The baseline mean model is the simplest approach and resembles the difference-in-
difference model:

𝑌𝑌𝑗𝑗𝑗𝑗 = β0 + β1𝑍𝑍𝑗𝑗𝑗𝑗 + β2Post𝑗𝑗 + β3𝑇𝑇𝑗𝑗 + β4 ȉPost𝑗𝑗 𝑇𝑇𝑗𝑗 + 𝜐𝜐𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗

• Schools are indexed by j, and time is indexed by t.

• 𝑍𝑍𝑗𝑗𝑗𝑗 is a set of school characteristics, Post𝑗𝑗 is a vector of indicators for each post-
treatment period, 𝑇𝑇𝑗𝑗 is an indicator for whether the school is in the treatment group, 𝜐𝜐𝑗𝑗
is a school-level error term, and 𝑢𝑢𝑗𝑗𝑗𝑗 is a mean-zero error term.

• The parameters of interest are the elements of the vector β4.
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Estimating Treatment Effects: Baseline Mean Model

Presenter
Presentation Notes
Using CITS to estimate treatment effects is done using regression analysis. So that CITS can produce an unbiased estimate of the treatment effect, it is important that the regression accurately model the pretreatment trend in outcomes. Four main approaches can be used to specify the regression model.The baseline mean model is the simplest model and resembles the difference-in-difference approach. The regression equation is specified as (this and the other regression equations are taken from Hallberg et al., 2018):In the equation, schools are indexed by j, and time is indexed by t.Terms on the right-hand side of the equation include  𝑍 𝑗𝑡 , a set of school characteristics;  Post 𝑡 , a vector of indicators for each posttreatment period;  𝑇 𝑗 , an indicator for whether the school is in the treatment group; an interaction term; a school-level error term,  𝜐 𝑗 ; and a mean-zero error term,  𝑢 𝑗𝑡 .The parameters of interest are the elements of the vector  β 4 . Each element represents the difference in average performance between treatment and comparison schools at each time period after treatment.Alternatively, you could replace the vector  Post 𝑡  with an indicator for whether the time period is in the posttreatment period. In that case,  β 4  would tell you the average treatment effect during the whole posttreatment period (as opposed to each individual time period posttreatment).



 The baseline linear trend model extends the baseline model by adding a linear term 
for time:
𝑌𝑌𝑗𝑗𝑗𝑗 = β0 + β1Time𝑗𝑗 + β2𝑍𝑍𝑗𝑗𝑗𝑗 + β3Post𝑗𝑗 + β4𝑇𝑇𝑗𝑗 + β5 ȉ ȉTime𝑗𝑗 𝑇𝑇𝑗𝑗 + β6 Post𝑗𝑗 𝑇𝑇𝑗𝑗 + 𝜐𝜐𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗

• Schools are indexed by j, and time is indexed by t.
• β1 is the pretreatment slope of the outcome trend for the comparison group, β5 is the 

slope for the treatment group.
• β6 represents the treatment effect.
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Estimating Treatment Effects: 
Baseline Linear Trend

Presenter
Presentation Notes
The baseline linear-trend model extends the baseline mean model to account for differences between the preintervention trend by adding a linear term for time and an interaction between the time and treatment variables: 𝑌 𝑗𝑡 = β 0 + β 1  Time 𝑡 +  β 2 𝑍 𝑗𝑡 + β 3  Post 𝑡 + β 4  𝑇 𝑗 + β 5   Time 𝑡  ∙𝑇 𝑗  + β 6   Post 𝑡  ∙𝑇 𝑗  + 𝜐 𝑗 + 𝑢 𝑗𝑡 In this model, the pretreatment slope of the outcome trend for the comparison group is given by  β 1 . The slope for the treatment group is captured by  β 5 , and the treatment effect is captured by  β 6 .
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Estimating Treatment Effects: Extensions

Presenter
Presentation Notes
Another extension would be to add a three-way interaction term between the treatment indicator ( 𝑇 𝑗 ), the linear time trend ( Time 𝑡 ), and the posttreatment indicator ( Post 𝑡 ). Doing that would capture potential differences in slope between the treatment and comparison groups during the posttreatment period. Including that term makes the model pretty flexible, as shown in the graph.



 The baseline nonlinear-trend model extends the baseline linear-trend model by 
adding a function of time.
• This approach requires more data for the preintervention period.

 The school and year fixed-effects model uses year and school indicators to control for 
the relationships between schools, time, and the outcome:

𝑌𝑌𝑗𝑗𝑗𝑗 =
𝑗𝑗=0

𝑇𝑇

β𝑗𝑗Year𝑗𝑗 + β𝑇𝑇T_Post𝑗𝑗𝑗𝑗 +
𝑘𝑘=0

𝑁𝑁

β𝑠𝑠𝑘𝑘𝑠𝑠𝑘𝑘 + 𝑢𝑢𝑗𝑗𝑗𝑗

• β𝑇𝑇 measures the difference in average performance.
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Estimating Treatment Effects: Extensions

Presenter
Presentation Notes
Beyond the baseline mean and baseline linear trend approaches, there are two other main CITS modeling choices.The baseline nonlinear-trend model is an extension of the baseline linear-trend model. But the linear time term  Time 𝑡  is replaced with a function of time, 𝑓  Time 𝑡  . The point is to allow for a nonlinear trend in the outcome during the pretreatment period.This approach requires more data for the preintervention period. Whereas the baseline linear-trend model could be estimated with as few as two preintervention time points, the nonlinear-trend model requires at least three time points.In general, applying this approach to estimate polynomial functions of time often is not feasible.One final approach is to use a school and year fixed-effects model. In this approach, the regression equation does not explicitly model the preintervention trend, instead using year and school indicators to model the relationships between schools, time, and the outcome in a flexible way. The regression model is given as follows: 𝑌 𝑗𝑡 = 𝑡=0 𝑇  β 𝑡  Year 𝑡  + β 𝑇  T_Post 𝑗𝑡 + 𝑘=0 𝑁  β 𝑠𝑘  𝑠 𝑘  + 𝑢 𝑗𝑡 In this model,  Year 𝑡  is a vector of indicator variables for each year in the study period,  T_Post 𝑗𝑡  is an indicator equal to one if and only if the school is in the treatment group and the year is in the posttreatment period, and  𝑠 𝑘  is a vector of school fixed effects.The parameter of interest is  β 𝑇 , which measures the difference in average performance between treatment and comparison schools after the treatment, controlling for school and year fixed effects.



 There is no clear guidance on which approach to use in a specific circumstance.

 The best approach is to plot the data to help guide the choice.

• The baseline mean model is appropriate when the pre-intervention data look flat and parallel 
between treatment and control groups.

• The baseline linear trend model is appropriate when the pre-intervention data show different 
slopes for the two groups.

• The baseline nonlinear trend model or the school and year fixed effects model may 
perform best when patterns are not obvious or are difficult to interpret.

 Once you choose the model, you estimate the regression model (typically with OLS).
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Estimating Treatment Effects

Presenter
Presentation Notes
There is no clear guidance from the literature on which modeling approach to use in a specific circumstance. When applying a CITS design, the best approach is to plot the data to help guide the choice.If the pretreatment data look relatively flat and parallel between the treatment and comparison groups, the baseline mean model may be appropriate.If the pretreatment data show evidence of different slopes for the treatment and comparison groups, the baseline linear trend model is more likely the right option.If the pretreatment data are difficult to interpret or show no obvious patterns, the baseline nonlinear trend model or the school and year fixed effects models may perform best.After selecting the approach that appears best suited to the data, treatment effects are estimated by running the corresponding regression using a statistical software package. In general, the regressions are estimated using ordinary least squares (OLS).



Knowledge Check
CITS Modeling Approaches
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Presenter
Presentation Notes
Provide students with a handout showing 4-6 examples of hypothetical data to which CITS might be applied. Ask students to choose which model they think is most appropriate for each of the examples.



 It is a good practice to assess sensitivity of your result to your design choices.
 Do this by re-estimating the treatment effect using other alternatives.
 In practice, there are two key aspects of the design to change: 

1. How the comparison group is chosen 
– Can change both the parameters and method

2. Change the modeling approach
 The goal is to see whether the alternative results are similar to your preferred 

model.
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Diagnostics and Robustness Checks

Presenter
Presentation Notes
Once you’ve estimated a treatment effect using the CITS approach, it’s good practice to do some additional analyses to see how sensitive your result is to the choices you made in the design.The way to do this is to re-estimate the treatment effect using other alternativesOne aspect of the design you can change is how the comparison group was chosen. If you used a matching method, you can both change the parameters of the matching algorithm (e.g., use a larger/smaller radius if you used radius matching) or use a different matching method (e.g., try radius matching if you first used nearest neighbor matching).A second aspect of the design you can change is how you modeled the outcome. If you used a baseline linear trend model, you could try estimating a baseline nonlinear trend model.The objective of these analyses is to observe whether the results from these alternative specifications appear similar to the result from your preferred model. If so, that suggests that the estimated effect is not the result of your design choices.



 There are other ways to augment the basic CITS model.
 In a multiple baseline design, the same treatment is implemented in two or 

more different places at different times.
• Estimate the treatment effect for each instance of the treatment.
• This approach helps reduce history threats.

 You may also analyze nonequivalent dependent variables.
• The idea is to estimate the treatment effect on an outcome related to the 

outcome of interest, but that should not be affected by the treatment.
• This approach can reinforce the credibility of the estimated treatment effect.

16

Additional Design Elements for Augmented CITS

Presenter
Presentation Notes
There are some ways to augment the basic CITS model. We won’t go into a lot of detail, but wanted to note a couple alternatives.In a simple multiple baseline design, the same treatment is implemented in two (or more) different places at different times.You can estimate the treatment effect for each instance of the treatment, which allows you to observe whether the effect is similar in different settingsThis design also helps reduce potential history threats, since it may be less plausible to think that such a threat would occur at precisely the right times in each settingAnother way to augment the standard CITS design is to analyze nonequivalent dependent variablesIn some situations, there may be outcomes related to the outcome of interest but that should not be affected by the intervention you’re studying.In this scenario, you can estimate the treatment effect separately for the outcome of interest and the outcome you expect to be unaffected by the intervention. If the results show that the intervention had an impact on the outcome of interest but not on the other outcome, that result reinforces the credibility of the estimated treatment effect.



 To be eligible for WWC review as a group design study,
• Participants must be assigned to only one group (treatment or comparison).
• Pre- and post-intervention periods must be accounted for.
• The model must include an interaction between the post-intervention period and the treatment 

indicator.
• With multiple preintervention periods, baseline equivalence must be assessed from a single 

period of preintervention data.
 Treatment effects from different postintervention time points will be reviewed separately.
 Direction of the impact estimate at a specific time point must be reported.
 Highest possible rating for a CITS study is Meets WWC Group Design Standards With 

Reservations.
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WWC Standards for CITS

Presenter
Presentation Notes
The WWC has standards that apply to studies applying a CITS design. In version 4.0 of the WWC Standards Handbook, Section II.C.2 describes the relevant requirements.To be eligible for WWC review as a group design study, participants must be assigned to only one group, either the treatment group or the comparison group. A study that has an individual who was a member of both groups at different times is not eligible for review.The analysis must account for pre- and postintervention periods and include an interaction between the postintervention period and the treatment indicator.In a study with multiple preintervention time periods (e.g., a CITS design), BLE must be assessed using data from a single period of preintervention data (generally the time period closest to implementation of the intervention) so that the intervention period can be defined as the time from the baseline assessment to follow-up.WWC will separately review treatment effects estimated at different postintervention time points.A study must report the direction of the impact estimate at a specific time point to be eligible to meet WWC group design standards.Because it is a QED, the highest rating a CITS design can achieve from the WWC is Meets WWC Group Design Standards With Reservations.



Comparative Interrupted 
Time Series: Practice
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Presenter
Presentation Notes
The next section of this training session focuses on implementing RDD techniques in practice.



 The goal is to let you practice carrying out CITS analysis using real data.
• First, I will demonstrate some examples.
• Second, you will have time to work in small groups through a series of activities.

 The first part is meant to show you how to implement some of the techniques we 
discussed.
• All commands are from Stata but have R equivalents

 After your independent work time, you will meet with trainers in virtual office hours.
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Overview

Presenter
Presentation Notes
The goal of the practice-focused component of the session is to give you all the opportunity to practice applying CITS using real dataThere are two parts to this part of the sessionFirst, I’m going to walk through some examples for you. You can follow along and execute my examples with me as I go, or you can just watch and listenSecond, you’ll have time to work together in small groups through a set of activitiesFor my examples, I’ll present code in Stata, but we have provided you with code for both Stata and RLater in the afternoon, you’ll meet with trainers in virtual office hours



 Suppose a state implemented an innovative work-based learning program in 
select high schools, and we want to know whether the program improved high 
school graduation rates.

 Imagine we have data on schools covering several years before (Years 1–5) and 
several years after (Years 6–10) the program was implemented.

 We can use a CITS approach to estimate the effect of the program on high 
school graduation rates.

 For this example, the data are based on a simulated data set available as 
supplementary material from Hallberg et al. (2018).

20

Example Analysis Scenario

Presenter
Presentation Notes
To motivate the examples I’ll show you, we developed a hypothetical scenario that’s summarized hereThe scenario is that a state has implemented a new work-based learning (WBL) program in select high schools. We want to know whether the program improved high school graduation rates.Suppose we have data on high schools in the state that cover a number of years before and after the program was implemented.We can use CITS to analyze the data and estimate the effect that the WBL program had on graduation rates.In the examples I’ll show you, I use the simulated data set available as supplementary material with the Hallberg et al. (2018) paper.



 For our example scenario, the unit of observation is a school.
 The key variables in the data set are:

• Y, the outcome of interest (high school graduation rate)
• X, which measures time from Year 1 to Year 10
• T, an indicator for observations in the treatment group
• S, a set of indicators identifying schools (N = 80)
• G, a group variable (think of this as identifying school districts)
• P, an indicator for post-intervention time periods (Years 6–10)
• Z1, a school characteristic (e.g., percentage of students eligible for free or reduced-

price lunch)
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Example Analysis Variables and Approach

Presenter
Presentation Notes
You should have already downloaded a data file that includes the data for the examples I’ll give.The key variables in the data set are:Y, the outcome of interest (high school graduation rate)X, which measures time from year 1 to year 10T, an indicator for observations in the treatment groupS, a set of indicators identifying schools (N = 80)G, a group variable (think of this as identifying school districts)P, an indicator for post-intervention time periods (years 6-10)Z1, a school characteristic (e.g., percent of students eligible for free or reduced price lunch)



capture drop Y_bar

bysort X T: egen Y_bar = 
mean(Y)

twoway (line Y_bar X if T), 
graphregion(color(white)) 
ytitle("Outcome") legend(off)

Step 1: Plot the Data (Treatment)
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Presenter
Presentation Notes
As a first step, we can simply plot the outcome data for the schools in the treatment group.The Stata code on the left does this, giving the output on the right.As you can see, the outcome variable overs near 0.7 in years 1-5, then jumps above 0.75 in year 6 and beyond. Based on the graph, the data seem to show that something between years 5 and 6 led to an increase in the level of the outcome. Moreover, the increase looks like it persisted through year 10.Notice that here we only have data from the group of schools that implemented the WBL program. To conduct a CITS analysis, we need to add data for comparison group schools that didn’t implement it.



twoway (line Y_bar X if T)
(line Y_bar X if T == 0), 
graphregion(color(white)) 
ytitle("Outcome") legend(off)

Step 1: Plot the Data (Treatment + Comparison)

23

.6
5

.7
.7

5
O

ut
co

m
e

0 2 4 6 8 10
Year

Presenter
Presentation Notes
This next graph recreates the plot of the treatment group data, (the blue line), but adds another line for the comparison group data (the red line).We’ll talk next about the process of selecting a comparison group. For now, just assume we’ve already done that.Now you can visually see that the comparison group schools didn’t experience the same jump in graduation rates in year 5.So, based on the graphs, it certainly appears that the WBL program had an impact on graduation rates.But again, producing this graph assumes we’ve already identified the comparison group schools.Let’s take a step back and go through some of the options for how we might do that.



 One option for choosing the comparison group is to use those schools that are 
close to the treatment schools, such as those in the same districts.

 The variable G in our data set identifies districts.
• The treatment schools are all from districts 1 and 2.
• The comparison schools are split between districts 1–4.

 If we want to use local matching to choose the comparison group, we limit the 
comparison group to schools in districts 1 and 2.

 We will create an indicator for this comparison group called C1.
gen C1 = (G == 1 | G == 2) & T == 0
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Step 2: Choosing a Comparison Group (Local)

Presenter
Presentation Notes
Let’s talk through a few of the different ways you might choose a comparison group.The first method we talked about earlier was the local method.This option would be to choose for choosing the comparison group is to use those schools that are close to the treatment schools, such as those in the same districtsThe variable G in our data set identifies districtsTreatment schools are from districts 1 and 2Comparison schools are from districts 1-4A local matching approach involves choosing only those schools that are from districts 1 and 2, the same districts the treatment group schools are fromYou can create an indicator variable for this group, which we’ll call C1, using the Stata code shown.



 Another option for choosing a comparison group is to select schools that match the 
treatment schools in terms of observable characteristics.

 Identifying these is a multi-step process.
1. Estimate the propensity score – the probability of being in the treatment group.
2. For each treatment group school, identify the best match (or multiple matches) 

from among the comparison group schools by comparing propensity scores.
3. Use the set of all the satisfactory matches as the comparison group.

 We will create an indicator for this comparison group called C2.
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Step 2: Choosing a Comparison Group (Focal)

Presenter
Presentation Notes
A different way to choose the comparison group would be to instead to select schools that match the treatment schools in terms of observable characteristics.This is referred to as focal matching.Identifying these is a multi-step processEstimate the propensity score – the probability of being in the treatment group. To do this, you would estimate a regression model with the treatment indicator as the outcome variable and the school-related characteristics in the data as the explanatory variables.For each treatment group school, identify the best match (or multiple matches) from among the comparison group schools by comparing propensity scores. For example, for the first treatment group school, you would identify the comparison group school that has the most similar propensity score. If the treatment school’s propensity score is 0.79, its match might have a propensity score of 0.77, 0.79, or 0.82, for example.Use the set of all the satisfactory matches as the comparison group. You would identify the subset of untreated schools that were chosen as matches for at least one treatment school. That group would make up the comparison group.We’ve created an indicator variable for this second comparison group, called C2.



 A third option for selecting a comparison group is to blend the first two approaches.
• Use propensity-score matching to identify the best matches for each treatment 

group school.
• Among the best matches, pick the one(s) that are from the same district.

 In our example, that means picking the best match from among the schools in 
districts 1 and 2.

 We will create an indicator for this comparison group called C3.
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Step 2: Choosing a Comparison Group (Hybrid)
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A third option for selecting a comparison group is to blend the first two approaches.Use propensity-score matching to identify the best matches for each treatment group school.Among the best matches, pick the one(s) that are from the same district.In our example, that means picking the best match from among the schools in districts 1 and 2.We’ve created an indicator for this comparison group, called C3.



Baseline mean model:
𝑌𝑌𝑗𝑗𝑗𝑗
= 𝛽𝛽0 + 𝛽𝛽1𝑍𝑍𝑗𝑗𝑗𝑗 + 𝛽𝛽2𝑃𝑃𝑗𝑗 + 𝛽𝛽3𝑇𝑇𝑗𝑗 + 𝛽𝛽5𝑃𝑃𝑇𝑇𝑗𝑗 + 𝜐𝜐𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗

mixed Y Z1 P T PT if T | C1 || S:

 The estimated effect is 0.066, and it is 
statistically significant (p < 0.05).

Step 3: Estimate the Treatment Effect
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Now we’ll walk through how to estimate the treatment effect using CITS and some of the different options we’ve described.The first estimate we’ll generate is using the baseline mean model.We use Stata’s mixed command to estimate a model that includes a school-level random error term ( 𝜐 𝑗  in the equation)The command syntax says (1) we want to estimate the model on outcome Y, (2) using explanatory variables Z1 (a school characteristic), P (the post-intervention indicator), T (the treatment group indicator), and PT (an interaction between P and T); (3) only for observations either in the treatment group or in comparison group 1 (C1); and to include random effects for each school (S)Note that to re-run the same model with a different comparison group, all you need to do is to change the C1 term to the appropriate comparison group indicator (e.g., C2, C3)The output from the command is on the left.The treatment effect is the coefficient on the interaction term,  𝛽 5 , which is highlighted in green.As shown in the output, the estimated effect is 0.066 (in the next to last row), and it is statistically significant.



Baseline linear trend model:
𝑌𝑌𝑗𝑗𝑗𝑗
= 𝛽𝛽0 + 𝛽𝛽1𝑋𝑋𝑗𝑗 + 𝛽𝛽2𝑍𝑍𝑗𝑗𝑗𝑗 + 𝛽𝛽3𝑃𝑃𝑗𝑗 + 𝛽𝛽4𝑇𝑇𝑗𝑗 + 𝛽𝛽5𝑋𝑋𝑇𝑇𝑗𝑗
+ 𝛽𝛽6𝑃𝑃𝑇𝑇𝑗𝑗 + 𝜐𝜐𝑗𝑗 + 𝑢𝑢𝑗𝑗𝑗𝑗

mixed Y X Z1 P T XT PT if T | C1 
|| S:

 The estimated effect is 0.065, and it is 
statistically significant.

Step 4: Robustness Checks 
(Baseline Linear Trend)
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As a way to check how sensitive the result is to the modeling assumptions we used, we can re-estimate the treatment effect using a different model.Here, we’ve replaced the baseline mean model with a baseline trend model.We still use Stata’s mixed command, but now we’ve added the term X and it’s interaction with the treatment indicator to the model.Recall that X measures the time period, ranging in this case from 1 to 10.The treatment effect is captured by the coefficient  𝛽 6 .The estimated effect is equal to 0.065 and is again statistically significant.The fact that the result didn’t change much when we used a different model is encouraging. If it did, that would suggest that the estimated effect is due to our model choice, not necessarily the WBL program.



 

School and year fixed effects model:

𝑌𝑌𝑗𝑗𝑗𝑗 =
𝑗𝑗=0

𝑇𝑇

𝛽𝛽𝑗𝑗𝑋𝑋𝑗𝑗 + 𝛽𝛽𝑃𝑃𝑇𝑇𝑃𝑃𝑇𝑇𝑗𝑗𝑗𝑗 +
𝑘𝑘=0

𝑁𝑁

𝛽𝛽𝑠𝑠𝑘𝑘 𝑆𝑆𝑘𝑘 + 𝑢𝑢𝑗𝑗𝑗𝑗

regress Y PT i.X i.S if T | C1

 The estimated effect is 0.066 and is 
statistically significant.

Step 4: Robustness Checks 
(School + Year Fixed Effects)
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Finally, we can re-estimate the treatment effect using the school and year fixed effects model.In this case, since we’re modeling school effects as fixed rather than random, we use Stata’s regress command rather than the mixed command. The syntax is similar, but you don’t have to use the double bar to identify which variables identify groups for random effects and you don’t have to end the command with a colon.The i. prefix in Stata tells Stata that the corresponding variables are indicator variables and to include dummy variables for all categories.The treatment effect in this instance is captured by the coefficient  𝛽 𝑃𝑇 .As shown in the first row of the output, the estimated treatment effect is 0.066, nearly identical to the estimate we got when we used the baseline mean model.



Model C1 (Local) C2 (Focal) C3 (Hybrid)
Baseline mean 0.066*** 0.060*** 0.061***
Baseline linear trend 0.065*** 0.059*** 0.064***
School + year fixed effects 0.066*** 0.060*** 0.061***

Step 4: Robustness Checks (Summary)

The estimated effects are consistent regardless of specification or choice of 
comparison group.
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This table summarizes the results we’ve seen so far, plus others that we didn’t go through together.The results from the examples I showed you are summarized in the first column, for which all the estimates were generated using local matching.The other two columns show the results when using the other two approaches for selecting a comparison group.Note that overall, the treatment effect estimates are generally consistent across models and choices of comparison group. That’s good – it gives us more confidence that the estimated effect is the true effect of the WBL program, not the product of one of our modeling choices.



 Our analysis shows that the work-based learning program led to a 6–7 
percentage point increase in the high school graduation rate.

 Suppose our preferred specification is the baseline linear trend model using 
comparison group C3.
• The estimated effect is an increase of 6.4 percentage points.
• The estimate represents an increase of 9 percent over the average graduation 

rate (67.6 percent) in the years before implementation.
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Step 5: Drawing a Conclusion
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Based on the results summarized on the preceding slide, we can conclude that the WBL program led to a 6-7 percentage point increase in the high school graduation rate.Suppose our preferred specification is the baseline linear trend model using comparison group C3.In that case, the estimated effect is an increase of 6.4 percentage points.That estimate represents an increase of 9 percent over the average graduation rate (67.6 percent) in the years before implementation.



Comparative Interrupted Time Series: 
Small Group Work
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The last part of this training session is for you to do some work in small groups to apply some of the things we’ve reviewed.



 We’ll send you a CITS Activity Guide just after we end this morning.
• The guide presents a series of tasks for your group to complete, using the data 

sets we’ve provided.
 You have the rest of the afternoon to work on the tasks.
 Each group will have some time to meet with our trainers to talk about your 

progress and ask questions.
• The agenda tells you when each group will meet and with whom.

 At 4:30, we will reconvene as a group to recap today’s session.
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Overview
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The group work session will work like this.Each of you should have a CITS Activity Guide that we distributed along with the course materials.The guide presents a series of tasks for your group to completeYou’ll use data we provided to carry out the tasksYou have the rest of the afternoon to work on the tasksEach group will have some time to meet with our trainers in online meetings to talk about your progress and ask questionsGroups 1, 2, and 3 will meet from 2:30 to 3:30, in 20 minute blocks.Group 4, 5, and 6 will meet from 3:30 to 4:30, in 20 minute blocks.We’ve provided you with instructions for accessing the office hours.At 4:30, we’ll reconvene as a group to recap the session and talk.If you have any problems during your independent work time that can’t wait until the office hours, please contact XXX.
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