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CHAPTER SIX

COMPARISON GROUP DESIGNS

Gary T. Henry

valuators frequently employ comparison group designs to assess the
Eimpact of programs or policies on their intended outcomes. Compari-
son group designs represent alternatives to randomized experiments when the
goal of the evaluation is to provide a quantitative estimate of the causal effects
of a program. (Throughout, I use the term randomized experiment to mean a
study in which target population members are randomly assigned to program
participation [treatment] or a control condition [no treatment]. Such studies
are also known as randomized controlled trials or random assignment studies; see
Chapter Seven for more information.) The purpose of most impact evalua-
tions is to isolate the effects of a program to help officials and citizens decide
whether the program should be continued, improved, or expanded to other
areas. To conduct an impact evaluation, evaluators must provide an answer
to the question: What would have happened in the absence of the program?
In comparison group designs, the outcomes of the target population served
by the program are compared to those of another group who represent what
would have occurred in the absence of the program. By contrasting the out-
comes of these two groups, evaluators can estimate the impact of the program
on its intended outcomes.

The need for a comparison group may be best explained by an example.
Many policymakers, parents, and taxpayers want to know if publicly subsidized
prekindergarten (pre-K) programs boost children’s cognitive, social, and com-
munication skills. These skills can be measured directly after children have
participated in the pre-K program, but it is impossible to know from these
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measures of the prekindergarteners’ outcomes alone how much they were
affected by the program. Even with an accurate measure of the children’y
problem-solving skills, it is impossible to isolate the effect of pre-K from the
effects of other influences, including children’s skills prior to entering preK,
their interactions with family and others during the year, and other resourceg
in the communities where they live. To obtain an estimate of the pre-K pro
gram’s contribution to the children ’s outcomes, the skills of the children whq
participated in the program must be compared to those of another group. Thig
is the essential logic behind comparison group designs. Although the logic of
these designs is relatively straightforward, planning and implementing an eva].
uation that accurately isolates the effects of a program on the target population
is one of the most difficult challenges that evaluators undertake.

Some readers may already be wondering about the definition of compar-
ison group design. Fundamentally, comparison group designs are approaches
to assessing causal effects that measure an important program outcome and
estimate impact by comparing the difference between treated and untreated
groups when random assignment to the groups has not been used. Thus the
term comparison group distinguishes an untreated but not randomly assigned
group from a randomly assigned control group used in randomized experiments,
Both control and comparison groups are used to estimate what would have
happened in the absence of a program, but group members are selected dif:
ferently.

This chapter describes a variety of comparison group designs that evalu-
ators have frequently used to assess program impacts. The tasks involved in
developing and carrying out a comparison group design that accurately and
convincingly estimates the effects of a program are arduous. Fortunately, in the
past few years a stronger base of theory and empirical studies that examine the
accuracy of alternative comparison group designs has begun to emerge. How-
ever, it is important to understand at the outset that (1) none of the compar-
ison group designs is without its limitations; (2) some are better than others;
and (3) in a world in which the most convincing estimate of program impacts is
not the top priority for most policymakers and the public, evaluators will need to
be knowledgeable and resourceful in exploring alternative comparison group
designs when planning impact evaluations. Also, evaluators need to be able to
explain the strengths and limitations of each design to sponsors and stakehold-
ers so that informed choices can be made and evidence concerning program
impacts can be accurately interpreted.

Comparison group designs have previously been grouped together under
labels such as quasi-experimental, pre-experimental, non-experimental, or
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observational studies. They also include some designs that are possible when
evaluators have longitudinal data, such as administrative data that tracks pro-
gram participants over time or studies that collect data on multiple cohorts
that participate in a program. This chapter strips away Fhe distinctions among
these labels by referring to all designs for impact evaluations that do not involve
random assignment to treatment and control as comparison group designs. The
unifying concept is that all comparison group designs involve using the differ-
ence between treated and untreated comparison groups in order to estimate
the effects of a program. The idea behind comparison group designs is simple,
but the program impact estimates can be quite misleading if the conditions
for implementing them are not present or they are carried out incorrectly.
Only in 2 limited number of situations, when circumstanees are favorable and
the comparison group designs are implemented in specific ways, have studies
shown that the program impact estimates are sufficiently accurate for poten-
tial issues with the design to be ignored (Bifulco, 2012; Cook, Shadish, and
Wong, 2008; Glazerman, Levy, and Myer, 2003; Shadish, Clark, and Steiner
9008). However, in an imperfect world, evaluators must sometimes choose
between better and worse designs rather than the best design or no evalua-
tion. The goal of this chapter is to help practicing evaluators improve their
designs as much as circumstances and resources permit and be able to carefully
state the limitations on the findings for any comparison group study that they
carry out.

In the next section of the chapter, I describe the ideal situation for
assessing program impacts. Surprisingly to some, this ideal is not a random-
ized experiment. In the view of many evaluators, statisticians, and social sci-
entists, randomized experiments are the closest approximation to the ideal
that is possible. However, randomized experiments are not the ideal, as we
shall see, and they require that certain assumptions be made to consider
their estimates truly accurate or unbiased. Randomized experiments are usu-
ally the best potential design because they require the fewest assumptions
to be made in order to consider the estimates that they produce accurate
and convincing. Under certain circumstances, however, comparison group
designs can produce accurate estimates of program impact; indeed, at least
one of the designs is considered by many to be as compelling as randomized
experiments. Having acknowledged that comparison group designs can pro-
duce accurate effect estimates, it is important to also say that these designs
impose significant technical conditions and data requirements that must
!)e met in order to produce accurate and convincing estimates of program
impact.
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Introduction to Causal Theory
for Impact Evaluation

Impact evaluations seek to provide quantitative estimates of the causa] eﬁ‘e
of programs or policies. The potential outcomes framework provides 3 ney
way to think about this task. The ideal way to calculate the causal impagy ofa
program is to compute the difference between the outcome for every mempe
of the target population after participating in a program and the outcome
the same subjects after not participating in the program. Applying this jde
to the earlier example, an impact evaluator would like to be able to obserye
the outcomes for a specific four-year-old after attending prekindergarten gng
after not attending prekindergarten. Of coyrse, each child either attends gy
does not attend a pre-K program when he or she is four years old. So in reg]
ity we can never directly observe or measure the treatment effect, a situatiop
that Paul Holland (1986) refers to as the “fundamental problem of causal infer
ence.” Because we need to be able to acquire actual evidence about the impact
of policies and programs, evaluation designs that approximate the ideal haye
been developed and tested. 1

The most ideal alternative to this impossible situation for generating an
unbiased effect estimate is a study that would involve random sampling and
random assignment (Imai, King, and Stuart, 2009; Murnane and Willett, 2012)
In such a study, a random sample of the target population for a program would
be selected, then each of the randomly selected sample members would be
randomly assigned to treatment or control. Why would this be considered
an ideal? Random sampling ensures that the sample is an accurate statisti
cal model of the population or has external validity (Henry, 1990). Random
assignment of individuals to the treated groups or untreated control group
ensures that all the other factors that influence the outcomes are unrelated
to whether the individual is treated or untreated. In other words, random
assignment to one or the other group can be expected to balance all of the
influences on the observed outcomes after program participation other than
the program. When individuals are randomly assigned to treatment, differences
between the treatment group and control group means on outcomes can be
reasonably attributed to the effects of the program, when chance variation can
be dismissed as an explanation, and the sample has been selected at random
from the target population, the effects can be inferred to the target popula
tion. Comparison group designs are usually implemented in situations when
random assignment is not possible, and therefore we will focus on those
situations.
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In the world of practical program evaluations, random assignment is always
difficult and frequently impossible. A principal advantage of random assign-
ment in impact evaluations is that the means by which individuals enter the
treated or untreated groups is free of selection bias or, in other words, assign-
ment to treatment is not related to the outcomes of the program participants.
For example, if a fair lottery is used to assign eligible children to Pre-K when
the demand for slots exceeds availability, then comparing outcomes of the
children who received a slot and those who did not is free of selection bias.
If, however, the spaces are allocated on a first-come first-served basis, parents
who are more motivated for their children to succeed in school may be more
successful in enrolling their children. After the program, any differences in
outcomes measured for the fouryear-olds who participated and the four-year-
olds who did not participate (who were untreated) “could be due in part to
parental motivation as well as in part to the program. It is wise for evaluators
to assume that selection bias does operate when designing impact evaluations,
even if some argue that it is nonexistent or of minimal consequence. Compar-

ison group designs differ in the extent to which they can minimize this type of

bias.

Randomized experiments stand out as the preferred method for eliminat-
ing selection bias from impact evaluations. However, other sources of bias can
and often do occur with randomized experiments, such as non-random selec-
tion from the target population when those who volunteer for participation are
different from the target population that is of interest to evaluation stakehold-
ers, when participants leave the study, or when samples are too small to rule out
chance as an explanation for observed differences in outcomes. For these rea-
sons and for a number of practical concerns—such as the length of time it takes
to design, implement, and obtain findings from a randomized experiment,
the costs of randomized experiments, and ethical issues—comparison group
designs are useful and powerful approaches for evaluators to consider when
designing impact evaluations. Often, comparison group designs are the only
practical means available for evaluators to provide evidence about program
impact within time and resource constraints imposed by evaluation sponsors.

Comparison Group Designs

Numerous comparison group designs are available for impact evaluations.
These designs differ in their data requirements, the circumstances in which
they can be applied, and the extent to which they are likely to reduce bias.
Although theory (Holland, 1986; Rosenbaum and Rubin, 1983) and careful
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. application of logic (Shadish, Cook, and Campbell, 2002) provide guidance

F about the relative strengths of alternative comparison group designs, neithey

i theory nor logic can predict the extent of bias that any particular impact eya).

| uation design will produce. Our understanding about the extent of selection
bias in any specific evaluation is largely based on judgments about the plays;.

| bility of alternative explanations for the results and on empirical studies that

| compare program impact estimates of randomized experiments and compar.
ison group designs.

The next eight sections of this chapter review alternative comparison
group designs, beginning with the most basic design, which is labeled the naiy,
design. Even though this design is the least likely to produce estimates that are
accurate and convincing, it illustrates the most elementary approach to com-
parison group design. These eight sections end with a review of a very rigorous
and sophisticated design—regression discontinuity—that has strong theory sup-

| porting the accuracy of its causal inferences and mounting empirical evidence
about its accuracy. In between these two extremes are additional comparison
group designs that are described roughly in order of their likelihood of pro-
ducing more and more accurate impact estimates, but also in order of increas-
ing complexity and greater requirements for data and technical proficiency.
I say roughly in order of each design’s ability to yield accurate estimates of
program impact because this accuracy depends on the circumstances in which
the design is used, the data that are used for the evaluation, and how well the
design is implemented. A poorly implemented randomized experiment can
produce flawed findings, and a poorly implemented comparison group design
can as well. None of the designs are in any sense guaranteed to produce accu-
rate impact estimates, but in moving us in the direction of providing evidence
about program effects, they represent efforts to provide the best available evi-
dence about program effects when randomized experiments are infeasible,
unethical, or not available in the time frame in which decisions need be made.
Finally, it is important to note that elements of these designs can be combined
to enhance the accuracy of program impact estimates, although describing the
possible combinations is beyond the scope of this chapter.

1. Naive Design

The most basic means of estimating program impacts is the comparison of the
statistical means for naturally occurring treated and untreated groups. Usually,
this design involves comparing one or more outcome measures for a group
that participated in or had access to treatment with those for another group
that did not have such treatment or access to it. The outcome measures may
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Compariso
data, such as student test scores or patient

tay in the hospital, or from surveys that include both treated and
untreated individuals. To continue with the pre-K example, we could compare
children who participated in pre-K and those who did not on teachers’ ratings
of their school readiness when they begin kindergarten. An estimate of impact

is the difference between the group means:

be available from administrative

lengths of s

In this case, & is the treatment effect or program impact (for example, the

pre-K program impact estimate),

Y,

is the mean score on the readiness assessment for the treated (for example,

prekindergarteners) ,and
Y,

is the mean score for the untreated (for example, children who did not attend
pre-K). Naive comparisons can also be expressed ina simple regression format
(this chapter also uses this format for depicting other designs, and therefore

it is shown here for clarity):

Y,-=a+6Z,-+£,-

where Y;is the outcome (for example, the readiness score for each kinder-
gartener), a is the average score for the untreated (for example, kindergarten-
ers who did not participate in preK), 6 is a regression coefficient that repre-
sents the difference between the treated and untreated group means and is

identical to the & in the previous equation,

Z

(]

is an indicator variable that is coded 1 for treated and 0 for untreated individ-

uals, and
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is each individual’s deviation from the group mean, also described as the
error term.

This design for producing program impact estimates when the treateq
and untreated groups have occurred naturally is considered naive becayge
these two groups could differ for reasons other than participation in the pro-
gram. The treated group could have been in greater need of the program ang
started out far behind the untreated group in skills, family resources, or mog.
vation. In some situations the reverse might be expected. For example, families
or individuals who perceive greater benefits from program participation, like
pre-K, after-school, or job training programs, may have been the most like}
to enroll.

Frequently, in addition to individuals making a choice to participate (self-
selection), program operators choose individuals to participate based on such
loose criteria as the operator’s perceptions about need or the extent to which

or program operators exercise judgments in selecting program participants,
selection bias is likely to render the simple comparisons highly inaccurate. In
any case, after program participation has occurred, it is impossible to discern
conclusively that selection bias did not occur. Selection bias is the most per-
nicious form of bias that plagues evaluators’ attempts to accurately estimate
program impacts. Also, it is often difficult to explain to evaluation sponsors
and stakeholders why this simple design is unlikely to be accurate.

We can gain a better understanding of the reasons why bias is likely to bea
problem by recourse to the potential outcomes framework: for selection bias to be
reduced to the point at which it can be ignored, the potential outcomes if neither
group was exposed to the program must be similar for the two groups. Evaluators
must ask the following question and be able to answer it in the affirmative for
the naive design to be a reasonable approach for an impact evaluation: Do we
expect that if the program had not been offered, the outcomes of the treated
and untreated comparison groups would have been roughly the same? In other
words, evaluators must be able to assume that if no treatment had been offere
to anyone in either group, the mean outcomes of the treated and untreated
groups would have been the same and that assumption must be both valid and
plausible to the consumers of the evaluation.

In most cases, good and valid reasons exist to doubt that the outcomes.
would have been roughly the same. Moreover, evaluators and evaluation spon
sors and stakeholders cannot be sure that the outcomes would be roughly the
same for both groups had the program not been provided. Thus, in the great
majority of cases, the assumption of equivalent outcomes for the treated and
untreated groups in the absence of the program is likely to be implausible and
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|
as the naive. Therefore, the naive design is a very questionable choice for impact !
evaluations in most cases.
reated
scause
«€ pro- 2. Basic Value-Added Design: Regression Adjusted {
m and for a Preprogram Measure '
" moti- As mentioned previously, one of the difficulties of the naive design is that eval-
imilies uators cannot rule out the possibility that differences between the treated and
o, like untreated groups prior to participating in the program could cause differences
- likely ! in their outcomes after the program has been offered to the treated group. |
i When the same measure that is used for the outcome has been observed for I
e (self- both the treated and untreated group prior to program partifipation, the pre- |
n such program measure can be used to adjust the impact estimates for this preexist- I
_WhiCh ing difference. Adding this preprogram measure to the regression equation |
Elpants | adjusts the program impact estimates for preexisting differences between ‘
Ipanis | treated and untreated on an outcome of interest for the evaluation. Here is
“.«?te. In '. a regression approach to estimating program impact (6) using a preprogram ':
liscern _ measure of the outcome: |
15t per- ' ’
imate S Yy=a+6Z+hYi + e {
/ONSOrs ‘
As in the previous equations, 6 represents the program impact estimate,
tobea Z; is coded 1 for the treated group members and 0 for the untreated, Y, is
1s to be the measure of the outcome at time ¢ which occurs after treatment, Y;,; is
* neither the measure of the outcome at time {— 1, which occurs before the program,
l}lators and « is the constant or intercept term. The preprogram measure is the best
tive for measure of the individuals’ differences prior to the program and therefore
Do we adjusts the program impact for the initial difference in the outcome variable
treated between the treated and untreated groups within limitations of measurement
o other error and assuming that the values of the preprogram measures for the two
offered groups substantially overlap. |
t?eated This comparison group design of program impact adjusting for a prepro- '
lid and gram measure of the outcome variable is commonly referred to as a value-added
design, because the program impact estimate represents the amount of gain
tcomes since program participation began or, more precisely, since the preprogram
n spon- measure was observed. Fortunately, this type of longitudinal design is now pos-
chly the sible more frequently due to administrative data sets that record the status of
1e great individuals eligible for a program at regular intervals, such as the test scores
:ed and measures that are now available for most students in all states. In addition,

ble and much has been done to assess the accuracy of value-added approaches and
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the threats to the accuracy of the estimates that are generated. Common prgh.’
lems with value-added designs include regression to the mean (high and loy
scores at preprogram move toward the mean after the program), differencesn
program effects for those with either high or low preprogram scores, and omis-
sion of other covariates that are related to both program participation and the
outcome. The latter problem, which is sometimes called omitted variable bias'.
is a persistent problem with comparison group designs. Omitted variable bias’
which refers to the bias of program impact estimates due to omitting other van’
ables that are related to the outcome and program participation, will be con-
fronted but not entirely removed in the next design, the regression-adjusted
covariate design. "o

3. Regression-Adjusted Covariate Design

A frequent first impulse to improve program impact estimates over the naive
estimates is to use multiple regression to adjust the impact estimates by adding
covariates (control variables) that account for some of the other variables that
influence outcomes. To the extent that the treated and the untreated groups
differ on covariates systematically associated with the outcome, the estimates
of program impact can be adjusted for the imbalances between the groups.
This chapter calls this design regression adjusted for covariates, and it can be rep-
resented as follows:

Yvi =a+6Zi+ﬂ1Xh'+ “'+ﬂCXCi+£i

where f; is the regression coefficient for the first of ¢ covariates, X); s the value
of the first of ¢ covariates for individual i, X, is the value for the last of the ¢
covariates, and & is the adjusted coefficient that is used to estimate the program
impact. When samples are large enough, many covariates can be added to the
multiple regression equation. The choice of covariates should be guided b

theory that delineates the various factors that influence the outcomes of inte

est. Where possible, it is advantageous to use empirically validated theory that

in the target population for the program being evaluated. Where the cova
ates are better at explaining the variation in the outcome and differ betweer
treated and untreated groups, the bias reduction is likely to be significant.
Studies (Glazerman, Levy, and Myer, 2003; Shadish, Clark, and Steiner;
2008) find that this type of design does substantially reduce bias; however,
their findings also indicate that substantial bias can still remain, depending
on the quality of the covariates. For example, in an evaluation of a state pre=
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program, Henry and Rickman (2009) report that 51 percent of the mothers of
Head Start participants received food stamps, but only 18 percent of the moth-
ers of children enrolled in Pre-K received food stamps. An adjustment for the
difference could be attempted by adding food stamp receipt as a covariate in
an equation that includes the indicator for participation in Pre-K. In addition
to food stamp participation, additional covariates, variables on which the two

oups could be expected to differ and which are expected to affect the out-
come, could be added to adjust the estimates further. Larger reductions in bias
may be achieved when the covariates include all variables that have affected
selection into treatment and the outcomes that are being assessed. However,
the extent of bias remaining cannot be directly tested in, most evaluations, and
for that reason, covariate-adjusted estimates of program impact are frequently
viewed with skepticism. A large number of covariates based on a well-conceived
theory about the factors influencing the outcome variables will improve this

design.

4. Value-Added Design Adjusted for Additional Covariates

When a preprogram measure of the variable used as a post-program outcome
is combined with additional covariates, the design can be referred to as a value-
added design adjusted for additional covariates. For example, in the evaluation of
a state Pre-K program, Henry, Gordon, Henderson, and Ponder (2003) mea-
sured children’s cognitive and communication skills on four different assess-
ments in fall 2001, when the children began Pre-K, Head Start, or some other
preschool program. Because these same measures were used as the outcome
variables after the Pre-K program, they could be added along with other base-
line covariates expected to explain a great deal of the variation in children’s
developmental outcomes into the regression analysis, which can be repre-
sented as follows:
Yy=a+06Z+B Y1 +PXy+ - +hoXoprité

where the covariates include Y;,_; to represent the preprogram measure of
the outcome, as it did in the value-added design above. The preprogram out-
come measure is also known as the lagged value of the outcome variable. The
preprogram score on the same measure as the outcome provides an adjust-
ment for differences in the children in the treated and untreated comparison
groups on that measure before the participation in the program began for
the treated group. In addition, it can improve the precision of the estimates
of treatment effects. Including the preprogram score in the equation changes
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the interpretation of the coefficients, f; - B.42, to the effect of the covariate
since the time the preprogram score was measured. Some recent research hag
indicated that estimates are likely to be improved if all the preprogram mea-
sures, such as measures of skills for four-year-olds, are included in the regres.
sion. Doing this appears to mitigate a part of the measurement error that can
occur in any single measure of the children’s skills and abilities. To continne
with this example, preprogram measures can also be used to adjust for other
outcome measures, such as teachers’ ratings of school readiness, but the coef:
ficients are not interpreted as value added. !

When a preprogram measure of the outcome “variable is available, it is
possible to develop a special type of covariate-adjusted, value-added program
impact estimate that substantially reduces bias (Glazerman, Levy, and Myer,
9008). The process for this special adjustment begins by assembling a rich set
of covariates and using the preprogram score on the outcome variable as a

]

as shown here:

Yy1=a+8Z+p X+ +PXite
The object of the analysis is to find a set of covariates that render the coef:
ficient on the indicator for treatment (6) statistically insignificant (that is, no
statistically different from 0). This indicates that the covariates included in the
equation make the two groups statistically similar prior to program participa
tion. Then the program impact is estimated using the equation for the value
added design adjusted for covariates presented earlier in this section, wit
the complete complement of covariates included in the specification in which
the treated and untreated groups were found to be statistically more similar.

5. Interrupted Time-Series Designs

Interrupted time-series designs are longitudinal designs applicable in situatio
when new programs are started or major reforms occur and data are avail
able for before and after the change. These situations are often referred (8
as natural experiments, but they compare groups that cannot be assumed to b
equivalent, as groups in randomized experiments can be. Interrupted timé
series designs include several observations of an outcome that is expected
be affected by the reform or new program prior to the change and several obser¥
tions of the same measure after the change. In the most basic form of interruptee
time-series designs, the treated group before the reform is compared to its€
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after the reform. However, this design is considered relatively weak because
other changes occurring at the same time as the reform might produce a
different pattern in the outcome variable after the interruption.

A much stronger interrupted time-series design involves comparing post-
program change from the pattern of preprogram observations in the treated
group to the change for an untreated group over the same time. This design
is frequently assessed for an average increase in the outcome during the post-
program period in comparison to the change in the untreated'group’s out-
come, which can be done using the following formula:

Yit =a+ ﬂIZ,- + ﬂ2T+ 6Z,T+ ﬂst + e+ ﬂc+3Xc+1i + €;

where the estimate of the effect is the coefficient 6 on an interaction term that
designates observations of the treated group after the reform or change, Z; is
coded 1 for the treated group and 0 for the untreated group, and T is coded 1
for the period after the interruption and 0 for the pre-interruption period. The
program impact coefficient is interpreted as the average increase (or decrease,
if negative) in the outcome for the treated group in the postinterruption
period less the average difference in the outcome for the untreated group in

the post-interruption period.

This interrupted time-series design is considered relatively strong. The
principal issue with the design is that the treated group could have been
selected based on criteria that make them react to the reform or program
change differently from the untreated group. For example, this design has
been used to assess the impact of various types of state policy reforms on the
intended outcomes of the policy. But if a state adopts a reform of a particular
policy in a period when pre-interruption outcomes are particularly low, then
factors other than the policy may be contributing to any increase that is found.

Impact evaluations are currently making use of this design more fre-
quently. For example, Henry and Gordon (2003) assessed the effects of a pub-
lic information campaign that announced action days during which members
of the Atlanta public were asked to reduce car travel due to predictions that
ozone levels would exceed U.S. Environmental Protection Agency regulations.
Upcoming action days were communicated to the public on the day prior
to the predicted violation through electronic highway signs and in weather
forecasts in the newspapers and in radio and television broadcasts. Thirty-five
aCFion days occurred intermittently during the 153-day study period, and so
driving behavior on the action days was contrasted with driving behavior on
the other days. Rather than a single switch or interruption, this design used
multiple switches or interruptions to estimate the program effects. Henry and
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Gordon found that overall, individuals reduced their average miles driven
action days by 5.5 miles, and individuals whose employers had joined in ﬁ:
local clean air campaign reduced their driving even more.

6. Fixed-Effect Designs for Longitudinal Evaluations

With longitudinal data sets becoming more commonly available for studijes
such as education and labor market studies and for panel studies such as the
Panel Study of Income Dynamics and the Early Childhood Longitudinal Stud
ies, a study design known as a fixed-¢ffect design has gained popularity. In these
designs each individual effectively serves as his or her own comparison. T}
treatment effects are estimated based on comparing outcomes for an individ
ual during periods when he or she received a particular treatment with ou
comes during periods when he or she received an alternative treatment or ng
treatment.

Y- Y;=a+é (Zit _—Zi) + 8. (Xa't _‘)_(ci) + (£ — &)

The individual fixed effects remove all of the non-time varying character
istics of the individual, which essentially allows for each individual to serve a:
his or her own control. An evaluation of the Teach For America (TFA) pro
gram, by Xu, Hannaway, and Taylor (2008) illustrates individual fixed effect
The objective of the evaluation was to obtain the effects of TFA by estimating
the differences in student achievement when students were taught by a TE
teacher and when they were taught by a traditionally prepared teacher. The
evaluation used data from the twenty-three school districts in North Carolin
where TFA teachers were employed between the 2000-2001 and 2006-200
school years. Treatment effects were the aggregated differences between end
of-course achievement test scores for courses taught by TFA teachers and end:
of-course test scores for courses taught by traditionally prepared teachers fo
each student who had experienced both types of teachers. The student fixe
effects essentially eliminated the influence of any student characteristic thal
did not change during the study period. Xu, Hannaway, and Taylor (2008
found that students in courses taught by TFA teachers averaged scores abo
one point higher on their tests (0.10 standard deviation units) than they d
when these students were taught by other teachers. Although fixed effects ca
eliminate an important source of bias, only study subjects who have eXpelt
enced treatment on some occasions and not experienced it on others can bf
included in impact estimates. In the example, students who did not experience
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ven on both types of teachers were excluded from the effect estimate, which may limit

lin the the generalizability of the effect estimate.

7. Matching Designs
Designs in which members of an untreated group are matched to each mem-
studies ber of a treated group are referred to as matching designs. Matching members of
h as the the comparison group to members of the treatment group using preprogram
al Stud- covariates is intended to make the two groups as similar as possible prior to the
(n these treatment. These designs have a venerable but checkered tradition in evalua-
on. The tion. There are instances in which matching did not produce results that most
individ- careful observers would regard as unbiased. One such case was the now infa-
ith out- mous Westinghouse study of Head Start (Cicarelli, 1971). In this evaluation,
1t or no children who had participated in Head Start were matched with members of
their kindergarten classes who had not participated, and differences in out-
comes between these two groups were used to estimate the effects of Head
Start. However, when the data were reanalyzed using several different tech-
niques, the evaluators concluded that substantial bias was likely (Datta, 1982).
The issue for matching designs is that the groups can be made very similar on
aracty the covariates that have been measured and used in the matching, but unob-
?ewe as served differences in the treated and untreated groups may remain, and these
A) pro- differences may bias the impact estimates.
.eﬂ'ef:ts. One strategy for reducing the differences between a treated group and
imatis an untreated comparison group is to increase the number of covariates that
y a TFA are used to match them. However, as more covariates are added it becomes
.‘er. 'I:he difficult to find exact matches for every member of the treated group in the
sarolina pool of untreated group members. The result is inexact matches or incom-
16-2007 plete matches, either of which could affect the accuracy of the impact esti-
en end: mates. Recent developments in matching designs indicate that an approach
nd end- referred to as propensity score maiching may substantially reduce bias in effect
hers for estimates (Cook, Shadish, and Wong, 9008; Diaz and Handa, 2005; Glazerman,
nF fixed Levy, and Myer, 2003; Stuart 2010). Paul Rosenbaum and Donald Rubin devel-
e t(l)l;t oped the propensity score matching approach, and they have established some
(2008) very desirable properties for the procedure (see Rosenbaum and Rubin, 1983;
's about Rosenbaum, 2002; Rubin, 2001).
hey did Several different types of matching designs have become available since
ects caft compelling theoretical properties for propensity score matching (PSM) were
expell)'" developed by Rosenbaum and Rubin (1983). PSM replaces matching on sev-
neal % eral covariates with matching on a single propensity score that is an estimate
erence of the likelihood that each member of the study sample could be in the
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treated group. PSM makes assignment to the treated and comparison groupg
independent of the covariates that are used to estimate the propensity of ap
individual to be in the treatment group. PSM has both intuitive and techpj.
cal advantages over using regression-based approaches by themselves. These
advantages include creating a comparison group that is more similar to the
treatment group and accounting for nonlinearities between covariates and the
outcome (Stuart and Green, 2008). However, the theory supporting PSM doe

not address the extent of the bias that could be caused by imbalances between
treatment and comparison groups that result from variables not included in
estimating the propensity score. Therefore, the amount of bias that remains
after the matching is uncertain. If assignment to the two groups is not inde

pendent across the unobserved covariates, the treatment effect estimates using
PSM could be biased, due to these differences between the treated and co 1
parison groups that are uncontrolled by the matching.

Propensity score matching has been frequently used in recent years tg
obtain more accurate estimates of program impact. In a recent study, Henry,
Gordon, and Rickman (2006) matched a group of children who participated
in a state Pre-K program with a group of Head Start recipients to investigate the
differences in developmental outcomes attributable to participating in Head
Start when compared with an alternative Pre-K program. They found that the
children who attended the state Pre-K program scored higher on direct assess
ments of language and cognitive skills at the beginning of kindergarten thar
the children who participated in Head Start.

When PSM procedures are followed, withinstudy comparisons ind
cate significant bias reduction (Cook, Shadish, and Wong, 2008; Diaz and
Handa, 2005; Glazerman, Levy, and Myer, 2003; Stuart 2010). However, som¢
researchers find the amount of bias that remains is too large to ignore
(Glazerman, Levy, and Myer, 2003; Wilde and Hollister, 2007). There are
variety of ways to obtain estimates of the treatment effect using the matches
sample. A common approach, which Glazerman, Levy, and Myer (2003)
to reduce bias, simply adds the propensity score (P,) to the regression equati
used for the estimation of the treatment effect, as illustrated in this equatiof
which assumes that a lagged outcome measure is available:

Yy=a+8Z+ Yy + PP+ Ps Xyt BosXerri T Ei

The accuracy of program impact estimates using propensity SCOT€
ing remains an empirical question because the influence of unobserved ¥

ables depends on the quality of the covariates used in the estimation 0
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propensity score and in the previous equation. Having a large group of covari-
ates that are related to the outcome and selection into the treated group has
been shown by empirical research to be important for the accuracy of the pro-

gram impact estimates.

8. Regression Discontinuity Designs

Regression discontinuity (RD) designs lay the strongest claim of all of the com-
parison group designs to producing unbiased estimates of program impacts.
These designs rely on a quantitative index to assign subjects to treatment or to
an alternative condition, such as business as usual or no treatment. Including
the quantitative index in the equation used to estimate the difference between
the treated and comparison groups can effectively eliminate selection bias
in the program impact estimates (Imbens and Lemieux, 2007; also see Chapter
Seven in this volume). Frequently, the quantitative variable that assigns subjects
to treatment measures an individual’s need for the program or the subject’s
risk of adverse social consequences. The variable does not have to perfectly
measure the need, but it must be strictly used to assign all cases on one side of
a cutoff value to the treated group, and the treatment must be withheld from
all cases on the other side of the cutoff.

Cook, Shadish, and Wong (2008) provide evidence that the differences
in estimates from RD designs and randomized experiments are negligible. RD
design produces impact estimates that are unbiased by selection into treatment
by including the variable that indicates whether a subject was assigned to the
treated group or comparison group and the quantitative index used to assign
subjects to the two groups along with higher-order terms of this variable in a
multiple regression (Imbens and Lemieux, 2007, p. 10). Including variables
in the estimation equation that perfectly model the relationship between the
assignment index and the outcome variable breaks up any possible correla-
tion between the treatment indicator variable and the individual error term.
Including this term along with exponential functions of this term as needed
removes selection bias from the estimate of the treatment effect.
Here is a typical equation for estimating the treatment effect (8):

YiSa+6Z,+ (L~ L)+ Z;+ f(I; — L); + B Xui + - + BryaXopri + &

where the novel term, S ;= 1), can be broken down as follows: 1, is the value
Of the assignment index at the cutoff, J;is the value of the index for each indi-
Vidual, which makes the term I, - I, the distance of each individual from the
Cutoff. The entire term refers to a polynomial function of the distance, which
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is operationalized by including exponential functions such as the squared and
cubed terms of the distance from the cutoff on the assignment variable as addj-
tional variables until the higher order terms are no longer significant. Basically,
the terms associated with the assignment index [ will “soak up” the selection
bias that may be attributable to omitted variables, so that even though the other
coefficients may be biased, the program impact estimate will be corresp0nd_
ingly purged of selection bias. The covariates are included to eliminate small
sample biases and increase precision without altering the benefits of the RD
design (Imbens and Lemieux, 2007, p. 11). _

In an evaluation of the impact of Oklahoma’s state pre-K program, Gorm-
ley, Gayer, Phillips, and Dawson (2005) used 2 novel RD design to estimate the
effects of the program in Tulsa. The evaluation team used the children’s agesas
the assignment variable and the eligibility dates as the cutoff on the assignment
variable. The children’s outcomes on direct assessments were measured in the
fall after the older children had attended pre-K and before pre-K began for the
younger children. The evaluators compared the test SCOres of children with
ages slightly above the cutoff to the test scores of children slightly too young to
have been eligible for pre-K the prior year. Significant differences in children’
knowledge of letters and words, spelling skills, and problem-solving skills were
found, indicating that the Tulsa pre-K program was effective in increasing these
outcomes. For a more complete discussion of this design see Lipsey, Weiland
Yoshikawa, Wilson, and Hofer (2014).

RD designs have also been implemented when a few cases close to the cut
off have ended up in a group other than the one to which they should have
been assigned. This type of RD design is referred to as 2 Sfuzzy discontinuity
design, as opposed to 2 sharp discontinuity design. In addition, RD desig
have been implemented in situations in which settings or clusters of indivi
uals, such as school districts, are assigned to treatment using a quantitau' ve:
index of need. Currently, the interest in RD designs is high and their use i
enjoying a renaissance. A well-designed RD study effectively eliminates selecs
tion bias, but researchers must take care to assess other sources of bias. A pri
mary validity concern for RD designs is the generalizability of the interventiol
effect estimate. RD designs estimate the effect of the intervention at the cutolh
and this estimate can be different from the average treatment effect estimaté
obtained in random assignment studies. Other sources of bias ar¢ “hiddel
treatments for either group that occur precisely at the cutoff for assignme
Even with these potential biases, RD designs are generally considered s€cof
only to randomized experiments in terms of producing accurate estimates

program effects.
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/
Conclusion

omparison group designs in evaluation is to estimate the
by calculating the difference between the outcomes for
treatment and the outcomes for those in an untreated
en random assignment is impossible or impractical, a
gn can be used to contrast the outcomes of a group
that participated in a program with the outcomes of an untreated comparison
group in an attempt to quantify the program’s causal effects from the compar-
ison of the two group means. This chapter showed how stronger comparison
group designs can be used to improve on naive comparisons by making adjust-
ments that reduce bias in the estimates of program impacts.

Value-added designs, interrupted time-series designs, fixed-effect designs,
matching designs, and regression discontinuity (RD) designs appear to have
the capacity to significantly reduce the bias likely to occur in naive program
impact estimates. Regression discontinuity designs have the most compelling
underlying theory for causal inference. As the developments in propensity
score matching and RD designs indicate, this is a dynamic area for research
and development. As richer data sources continue to become more available,
evaluators will have increasing opportunities to implement stronger compari-
son group designs. In addition, these designs are frequently being combined -
such as in the use of matching and interrupted time series (Henry, Smith, Ker-
shaw, and Zulli, 2013) or longitudinal data and regression discontinuity (Wing
and Cook, 2013) to further reduce bias in causal effect estimates.

A common usé of ¢
impact of programs
those exposed to a
comparison group- Whi
comparison group desi
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