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I REGRESSION-DISCONTINUITY ANALYSIS: I

AN ALTERNATIVE TO THE EX POST FACTO EXPERIMENT!

DONALD L. THISTLETHWAITE
National Merit Scholarship Corporation

While the term “ex post facto experi-
ment” could refer to any analysis of
records which provides a quasi-experi-
mental test of a causal hypothesis, as
described by Chapin (1938) and Green-
wood (1945), it has come to indicate
more specifically the mode of analysis
in which two groups—an experimental
and a control group—are selected
through matching to yield a quasi-
experimental comparison. In such
studies the groups are presumed, as a
result of matching, to have been equiv-
alent prior to the exposure of the exper-
imental group to some potentially
change inducing event (the ‘‘experi-
mental treatment”). If the groups dif-
fer on subsequent measures and if
there are no plausible rival hypotheses
which might account for the differ-
ences, it is inferred that the experi-

! This study is & part of the research pro-
gram of the National Merit Scholarship
Corporation. This research was supported
by the National Science Foundation, the
Old Dominion Foundation, and by Ford
Foundation grants to the National Merit
Scholarship Corporation. The participa-
tion of the second author was made possible
through the Northwestern University Car-
negie Corporation Project in Psychology-
Education. The mode of analysis illustrated
in Figure 1 of this paper was first sug-
gested by the second author, and will be
presented in & chapter entitled ‘“Experi-
mental Designs in Research on Teaching”
in the forthcoming NEA, AERA Handbook
of Research on Teaching to be published by
Rand McNally and edited by N. L. Gage.
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DONALD T. CAMPBELL

Northwestern University

mental treatment has caused the
observed differences.

This paper has three purposes: first,
it presents an alternative mode of
analysis, called regression-discon-
tinuity analysis, which we believe can
be more confidently interpreted than
the ex post facto design; second, it
compares the results obtained when
both modes of analysis are applied to
the same data; and, third, it qualifies
interpretations of the ex post facto
study recently reported in this journal
(Thistlethwaite, 1959).

Two groups of near-winners in a
national scholarship competition were
matched on several background vari-
ables in the previous study in order to
study the motivational effect of public
recognition. The results suggested that
such recognition tends to increase the
favorableness of attitudes toward
intellectualism, the number of students
planning to seek the MD or PhD
degree, the number planning to become
college teachers or scientific re-
searchers, and the number who succeed
in obtaining scholarships from other
scholarship granting agencies. The
regression-discontinuity analysis to be
presented here confirms the effects
upon success in winning scholarships
from other donors but negates the
inference of effects upon attitudes and
is equivocal regarding career plans.
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London School of Economics
Equation Chapter 1 Section 1The Regression Discontinuity Design

Sometimes whether something happens to you or not depends on your ‘score’ on a
particular variable. You get a scholarship if you get above a certain mark in an exam,
you get given remedial education if you get below a certain level, a policy is
implemented if it gets more than 50% of the vote in a ballot, your sentence for a
criminal offence is higher if you are above a certain age (an ‘adult’) etc etc.

All of these examples are candidates for an application of the regression discontinuity
design. The essential element of a regression discontinuity design is that the
probability of assignment to treatment depends in a discontinuous way on some
observable variable W.

The simplest (and most common) form of the RDD has assignment to treatment being
based on W being above some critical value w, - I will use this case in what follows.

Note that, in some sense, the method of assignment to treatment is the very opposite
here to that in random assignment — it is a deterministic function of some observable
variable. But, it turns out that, in a sense I will explain, assignment to treatment is as

‘good as random’ in the neighbourhood of w,, the discontinuity.

The basic RDD estimator can be understood very simply. Suppose we consider
individuals with W in the interval [w, —&,w, ). These are all in the control group so
the outcome we will observe for these is y,. Suppose that the expected value of y,
given W can be written as:

E(yW.X =0)=g,(W) (1)
Take a first-order Taylor series expansion of this about the point W =w,. We can
then write:
8o (W =3) =g, (w,) =98, "'(w) (2)
Hence for the group of people with W in the interval [w0 —J,w,) we will have
approximately that:
E(y|wy—8<W <w,)=g,(w,)—8o ' (w,) E(S|wy = <W <w) (3)

Now do the same exercise for individuals with W in the interval [w,,w, +J]. These
are all in the treatment group so the outcome we will observe for these is y,. Suppose
that the expected value of y, given W can be written as:

E(yW.X =1)=g (W) @
Take a first-order Taylor series expansion of this about the point W =w,. We can
then write:

8 (wy+0) =g (w)+g'(w) &)
Hence for the group of people with W in the interval [wo, W, +0 ] we will have

approximately that:
E(y|w, SW <w,+8) =g, (w,)+g (W) E(S|w, W <w,+6) (6)
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Economics 696F: Lecture Note 13

Regression Discontinuity Design

Examples:

Thistlewaite and Campbell (1960): scholarship and career choice

van der Klaauw (1997): financial aid and enrollment in college

Angrist and Lavy (1997): class size and test scores

Black (1999): school district and house prices

Basic Setup:

Yi(0), Y:(1): potential outcomes

T; =0, 1: treatment

Observed outcome: Y; := T;Y;(1) + (1 — T;)Y;(0).

Z;: observed variable, scalar and continuous

“Sharp design”:

T, = 1(Z; > z),

where 2z is fixed and known to the data analyst.

“Fuzzy Design”: Pr(T; = 1|Z; = z) has a discontinuity at z = 2.

Assumption RD: The following limits exist:

Tt :=1lim Pr(T =1|Z = 2),

zlzo

T~ :=lim Pr(T =1|Z = z),

2Tz0
and T £ T,
Note that for the sharp design, 7t =1 and T~ = 0.

We will focus on the sharp design; for extensions to the fuzzy design, see Hahn-Todd-
van der Klaauw.
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PA 784 Homework #5
Fall 2002 Due October 31

Regression Discontinuity Design

Open the file rd.sav.

This file contains data on 39 children who were assigned to experimental and control groups as part of the evaluation. The program was designed to
reduce cognitive deficiency by providing nutrition supplements.

The funder required that the experimental group be comprised of those who were most “needy.” Therefore, children whose score on a height-weight
index fell below 70 were assigned to the experimental group, and those whose score was 70 or above were assigned to the control group.

1. Regress Posttest on Program and Assign to assess the impact of the program.

a) State the equation representing the line that best fits these data (Y =...).

b) Based on these results, what is the impact of the program on cognitive deficiency?

2. Regress Posttest on Program for each of the groups separately (program and control).

a) Are the slopes the same for the two groups?

b) Draw a graph that shows what you found.

c) If the slopes are not the same, what might this suggest about the true relationship between the Assign and Outcome variables?
What are the implications for the evaluation?
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Regression discontinuity designs: A guide to practice
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Abstract

In regression discontinuity (RD) designs for evaluating causal effects of interventions, assignment to a treatment is
determined at least partly by the value of an observed covariate lying on either side of a fixed threshold. These designs were
first introduced in the evaluation literature by Thistlewaite and Campbell [1960. Regression-discontinuity analysis: an
alternative to the ex-post Facto experiment. Journal of Educational Psychology 51, 309-317] With the exception of a few
unpublished theoretical papers, these methods did not attract much attention in the economics literature until recently.
Starting in the late 1990s, there has been a large number of studies in economics applying and extending RD methods. In
this paper we review some of the practical and theoretical issues in implementation of RD methods.
© 2007 Elsevier B.V. All rights reserved.

JEL classification: C14; C21

Keywords: Regression discontinuity; Treatment effects; Nonparametric estimation

1. Introduction

Since the late 1990s there has been a large number of studies in economics applying and extending
regression discontinuity (RD) methods, including Van Der Klaauw (2002), Black (1999), Angrist and Lavy
(1999), Lee (2007), Chay and Greenstone (2005), DiNardo and Lee (2004), Chay et al. (2005), and Card et al.
(2006). Key theoretical and conceptual contributions include the interpretation of estimates for fuzzy
regression discontinuity (FRD) designs allowing for general heterogeneity of treatment effects (Hahn et al.,
2001, HTV from hereon), adaptive estimation methods (Sun, 2005), specific methods for choosing bandwidths
(Ludwig and Miller, 2005), and various tests for discontinuities in means and distributions of non-affected
variables (Lee, 2007; McCrary, 2007).

In this paper, we review some of the practical issues in implementation of RD methods. There is relatively
little novel in this discussion. Our general goal is instead to address practical issues in implementing RD
designs and review some of the new theoretical developments.

After reviewing some basic concepts in Section 2, the paper focuses on five specific issues in the
implementation of RD designs. In Section 3 we stress graphical analyses as powerful methods for illustrating

*Corresponding author. Tel.: + 1604 8222092; fax: + 1604822 5915.
E-mail addresses: imbens@harvard.edu (G.W. Imbens), tlemieux@interchange.ubc.ca (T. Lemieux).

0304-4076/$ - see front matter © 2007 Elsevier B.V. All rights reserved.
doi:10.1016/j.jeconom.2007.05.001
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616 G. W. Imbens, T. Lemieux | Journal of Econometrics 142 (2008) 615-635

the design. In Section 4 we discuss estimation and suggest using local linear regression methods using only the
observations close to the discontinuity point. In Section 5 we propose choosing the bandwidth using cross-
validation. In Section 6 we provide a simple plug-in estimator for the asymptotic variance and a second
estimator that exploits the link with instrumental variable methods derived by HTV. In Section 7 we discuss a
number of specification tests and sensitivity analyses based on tests for (a) discontinuities in the average values
for covariates, (b) discontinuities in the conditional density of the forcing variable, as suggested by McCrary,
and (c) discontinuities in the average outcome at other values of the forcing variable.

2. Sharp and FRD designs

2.1. Basics

Our discussion will frame the RD design in the context of the modern literature on causal effects and
treatment effects, using the Rubin Causal Model (RCM) set up with potential outcomes (Rubin, 1974;
Holland, 1986; Imbens and Rubin, 2007), rather than the regression framework that was originally used in this
literature. For a general discussion of the RCM and its use in the economic literature, see the survey by Imbens
and Wooldridge (2007).

In the basic setting for the RCM (and for the RD design), researchers are interested in the causal effect of a
binary intervention or treatment. Units, which may be individuals, firms, countries, or other entities, are either
exposed or not exposed to a treatment. The effect of the treatment is potentially heterogenous across units. Let
Y:(0) and Y;(1) denote the pair of potential outcomes for unit i: Y;(0) is the outcome without exposure to the
treatment and Y;(1) is the outcome given exposure to the treatment. Interest is in some comparison of Y;(0)
and Y;(1). Typically, including in this discussion, we focus on differences Y;(1) — Y;(0). The fundamental
problem of causal inference is that we never observe the pair Y;(0) and Y;(1) together. We therefore typically
focus on average effects of the treatment, that is, averages of Y;(1) — Y;(0) over (sub)populations, rather than
on unit-level effects. For unit i we observe the outcome corresponding to the treatment received. Let W; €
{0,1} denote the treatment received, with 1W; = 0 if unit i was not exposed to the treatment, and W, =1
otherwise. The outcome observed can then be written as

Y«(0) if W;=0,
In addition to the assignment W¥; and the outcome Y;, we may observe a vector of covariates or pretreatment
variables denoted by (X, Z;), where X; is a scalar and Z; is an M-vector. A key characteristic of X; and Z; is
that they are known not to have been affected by the treatment. Both X; and Z; are covariates, with a special
role played by X; in the RD design. For each unit we observe the quadruple (Y;, W, X;, Z;). We assume that
we observe this quadruple for a random sample from some well-defined population.

The basic idea behind the RD design is that assignment to the treatment is determined, either completely or
partly, by the value of a predictor (the covariate X;) being on either side of a fixed threshold. This predictor
may itself be associated with the potential outcomes, but this association is assumed to be smooth, and so any
discontinuity of the conditional distribution (or of a feature of this conditional distribution such as the
conditional expectation) of the outcome as a function of this covariate at the cutoff value is interpreted as
evidence of a causal effect of the treatment.

The design often arises from administrative decisions, where the incentives for units to participate in a
program are partly limited for reasons of resource constraints, and clear transparent rules rather than
discretion by administrators are used for the allocation of these incentives. Examples of such settings abound.
For example, Hahn et al. (1999) study the effect of an anti-discrimination law that only applies to firms with at
least 15 employees. In another example, Matsudaira (2007) studies the effect of a remedial summer school
program that is mandatory for students who score less than some cutoff level on a test (see also Jacob and
Lefgren, 2004). Access to public goods such as libraries or museums is often eased by lower prices for
individuals depending on an age cutoff value (senior citizen discounts and discounts for children under some
age limit). Similarly, eligibility for medical services through medicare is restricted by age (Card et al., 2004).
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Fig. 2. Potential and observed outcome regression functions.

2.2. The sharp regression discontinuity design

It is useful to distinguish between two general settings, the sharp and the fuzzy regression discontinuity
(SRD and FRD from hereon) designs (e.g., Trochim, 1984, 2001; HTV). In the SRD design the assignment W;
is a deterministic function of one of the covariates, the forcing (or treatment-determining) variable X'

W= 1{X:>c).

All units with a covariate value of at least ¢ are assigned to the treatment group (and participation is
mandatory for these individuals), and all units with a covariate value less than ¢ are assigned to the control
group (members of this group are not eligible for the treatment). In the SRD design we look at the
discontinuity in the conditional expectation of the outcome given the covariate to uncover an average causal
effect of the treatment:

lllfl [E[Y,|Xl = )C] — 11?’1 [E[Y,|X, = x],

which is interpreted as the average causal effect of the treatment at the discontinuity point
tsrp = E[Yi(1) — Yi(0)|X; = c]. (2.1)

Figs. 1 and 2 illustrate the identification strategy in the SRD setup. Based on artificial population values, we
present in Fig. 1 the conditional probability of receiving the treatment, Pr(W = 1|X = x) against the covariate
x. At x = 6 the probability jumps from 0 to 1. In Fig. 2, three conditional expectations are plotted. The two
continuous lines (partly dashed, partly solid) in the figure are the conditional expectations of the two potential
outcomes given the covariate, u,,(x) = E[Y(w)|X = x], for w =0, 1. These two conditional expectations are
continuous functions of the covariate. Note that we can only estimate uy(x) for x<c and u,(x) for x>c.

"Here we take X; to be a scalar. More generally, the assignment can be a function of a vector of covariates. Formally, we can write this
as the treatment indicator being an indicator for the vector X; being an element of a subset of the covariate space, or

Wi=1X;e Xy},
where X; C X, and X is the covariate space.
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Journal of Educational Statistics
Spring 1977, Volume 2, Number 1, Pp. 1-26

ASSIGNMENT TO TREATMENT GROUP ON THE BASIS OF A COVARIATE

Donald B. Rubin

Educational Testing Service

Key words: Non-Randomized Studies; Observational Studies;
Covariance Adjustment; Causal Inference; Experimental Design;
Treatment Assignment; Average Treatment Effects

ABSTRACT

When assignment to treatment group is made solely on
the basis of the value of a covariate, X , effort should be
concentrated on estimating the conditional expectations of
the dependent variable Y given X in the treatment and
control groups. One then averages the difference between
these conditional expectations over the distribution of X
in the relevant population. There is no need for concern
about "other" sources of bias, e.g., unreliability of X ,
unmeasured background variables. If the conditional expecta-
tions are parallel and linear, the proper regression adjust-

ment is the simple covariance adjustment. However, since
the quality of the resulting estimates may be sensitive to
the adequacy of the underlying model, it is wise to search
for nonparallelism and nonlinearity in these conditional
expectations. Blocking on the values of X 1is also
appropriate, although the quality of the resulting estimates
may be sensitive to the coarseness of the blocking employed.
In order for these techniques to be useful in practice,
there must be either substantial overlap in the distribution
of X in the treatment groups or strong prior information.

1. INTRODUCTION

In some studies, the experimental units are divided
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16 Rubin

exposed to Treatment 1 a unit exposed to Treatment 2 with the
same X value and forming the estimate (12) has been called

matched sampling (Rubin, 1973a). As discussed at the end of

Section 5, estimators that discard data are most appropriate

when one must decide for which units the value of Y should

be recorded.

7. A SIMPLE EXAMPLE

Table I presents the raw data from an evaluation of a
computer—-aided program designed to teach mathematics to
children in fourth grade. There were 25 children in Program
1 (the computer-aided program) and 47 childfen in Program 2
(the regular program). All children took a Pretest and Post-
test, each test consisting of 20 problems, a child's score
being the number of problems correctly solved. These data
will be used to illustrate the estimation methods discussed
in Sections 4, 5, and 6. We do not attempt a complete sta-
tistical analysis nor do we question the assumption of no
interference between units.

TABLE I

Raw Data for 25 Program 1 Children and 47 Program 2 Children

Pretest Posttest Scores

Scores Program 1 Program 2
10 15 6,7
9 16 7,11,12
8 12 5,6,9,12
7 8,11,12 6,6,6,6,7,8
6 9,10,11,13,20 5,5,6,6,6,6,6,6,6,8,8,8,9,10
5 5,6,7,16 3,5,5,6,6,7,8
4 5,6,6,12 byb,4,5,7,11
3 4,7,8,9,12 0,5,7
2 4 4
1 - -
0 - 7

7.1 Assignment on the Basis of Pretest

Suppose first that assignment to Program 1 or Program 2

Data for HW5



Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

rag
Highlight

rag
Line


Covariate-Based Assigrnment to Treatment Group 17

was on the basis of Pretest, so that children with the same
Pretest score were randomly assigned to programs with the
probability of assignment to Program 1 increasing with lower
Pretest scores. Hence, Pretest is the covariate X in the
discussion of the previous sections. Posttest is the depen-
dent variable Y . Figure 2 plots Posttest on Pretest for
the treatment groups. Notice that although the Program 1
children scored somewhat lower on the Pretest than the Pro-
gram Z children (the Pretest means being 5.24 and 5.85
respectively) the Program 1 children scored higher on the
Posttest than the Program 2 children (the Posttest means
being 9.76 and 6.53 respectively). Consequently, we expect
estimates of T to be positive. Furthermore, notice that
the distributions of X in the groups overlap substantially;
hence, the methods described in the previous sections are
appropriate for estimating treatment effects.

First consider estimating Tt without assuming ul(x)

and u7(x) are parallel. Using the least squares model-

fitting methods described in Section 4, we fit separate
linear conditional expectations in the two groups and obtain

A

Bl = 1.22 and 32 = 0.46 ; from equation (6), the estimate

of T is 3.81. Fitting a quadratic conditional expecta-
| ———
tion in each group by least squares

- - 2 2.
ui(X)—yi+(x-xi) Y13 + & - %) vy » 11,2, (13)

ol

31.40 , %, = 38.28

2 s Y91 = 1.40 ,

=N

we have that x

Y15 = 0.06 , v,, = =0.02 , and ?22 = 0.04 ; since the

average difference between ﬁl(x) and ﬁz(x) over the

values of X that occur in the sample is

G 5.) - (Foi Y1+, (2D NY22%MyYo1 | ™
172 172 n, + n, 172 n, + n,
ima of er the adratic model is
3.81. The blocking methods of Section 5 may also be used to
estimate T . After pooling the one child who scored "0" on

the Pretest with the two children that scored ''2" on the Pre-
test, we use equation (9) and obtain 3.98 for the estimate
of T .


Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

Administrator
Line

rag
Line

rag
Line

rag
Line

rag
Line

rag
Line

rag
Line

rag
Line


Home » Design » Quasi-Experimental Design » linked Trochin reading

The Regression-Discontinuity Design

The regression-discontinuity design. What a terrible name! In everyday
language both parts of the term have connotations that are primarily negative.
To most people "regression" implies a reversion backwards or a return to some
earlier, more primitive state while "discontinuity” suggests an unnatural jump
or shift in what might otherwise be a smoother, more continuous process. To a
research methodologist, however, the term regression-discontinuity (hereafter
labeled "RD") carries no such negative meaning. Instead, the RD design is seen
as a useful method for determining whether a program or treatment is effective.

The label "RD design" actually refers to a set of design variations. In its
simplest most traditional form, the RD design is a pretest-posttest
program-comparison group strategy. The unique characteristic which sets RD
designs apart from other pre-post group designs is the method by which
research participants are assigned to conditions. In RD designs, participants are
assigned to program or comparison groups solely on the basis of a cutoff score
on a pre-program measure. Thus the RD design is distinguished from
randomized experiments (or randomized clinical trials) and from other
quasi-experimental strategies by its unique method of assignment. This cutoff
criterion implies the major advantage of RD designs -- they are appropriate
when we wish to target a program or treatment to those who most need or
deserve it. Thus, unlike its randomized or quasi-experimental alternatives, the
RD design does not require us to assign potentially needy individuals to a
no-program comparison group in order to evaluate the effectiveness of a
program.

The RD design has not been used frequently in social research. The most
common implementation has been in compensatory education evaluation
where school children who obtain scores which fall below some predetermined
cutoff value on an achievement test are assigned to remedial training designed
to improve their performance. The low frequency of use may be attributable to
several factors. Certainly, the design is a relative latecomer. Its first major field
tests did not occur until the mid-1970s when it was incorporated into the
nationwide evaluation system for compensatory education programs funded
under Title I of the Elementary and Secondary Education Act (ESEA) of 1965.
In many situations, the design has not been used because one or more key
criteria were absent. For instance, RD designs force administrators to assign
participants to conditions solely on the basis of quantitative indicators thereby
often impalatably restricting the degree to which judgment, discretion or
favoritism may be used. Perhaps the most telling reason for the lack of wider
adoption of the RD design is that at first glance the design doesn't seem to
make sense. In most research, we wish to have comparison groups that are
equivalent to program groups on pre-program indicators so that post-program
differences may be attributed to the program itself. But because of the cutoff
criterion in RD designs, program and comparison groups are deliberately and
maximally different on pre-program characteristics, an apparently insensible

5/2/2007 11:44 PM http://www.socialresearchmethods.net/k...
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Figure 2. Regression-Discontinuity Design with Ten-point Treatment Effect.

Figure 2 is identical to Figure 1 except that all points to the left of the cutoff
(i.e., the treatment group) have been raised by 10 points on the posttest. The
dashed line in Figure 2 shows what we would expect the treated group's
regression line to look like if the program had no effect (as was the case in
Figure 1).

It is sometimes difficult to see the forest for the trees in these types of bivariate
plots. So, let's remove the individual data points and look only at the regression
lines. The plot of regression lines for the treatment effect case of Figure 2 is
shown in Figure 3.

control

group
regression

Figure 3. Regression lines for the data shown in Figure 2.

On the basis of Figure 3, we can now see how the RD design got its name - - a
program effect is suggested when we observe a "jump" or discontinuity in the
regression lines at the cutoff point. This is illustrated in Figure 4.

5/2/2007 11:44 PM http://www.socialresearchmethods.net/k... 4 0of 10
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Figure 4. How the Regression-Discontinuity Design got its name.

The Logic of the RD Design

The discussion above indicates what the key feature of the RD design is:
assignment based on a cutoff value on a pre-program measure. The cutoff
rule for the simple two-group case is essentially:

e all persons on one side of the cutoff are assigned to one group...
e all persons on the other side of the cutoff are assigned to the other
e need a continuous quantitative pre-program measure

Selection of the Cutoff. The choice of cutoff value is usually based on one of
two factors. It can be made solely on the basis of the program resources that are
available. For instance, if a program only has the capability of handling 25
persons and 70 people apply, one can choose a cutoff point that distinguishes
the 25 most needy persons from the rest. Alternatively, the cutoff can be
chosen on substantive grounds. If the pre-program assignment measure is an
indication of severity of illness measured on a 1 to 7 scale and physicians or
other experts believe that all patients scoring 5 or more are critical and fit well

the criteria defined for program participants then a cutoff value of 5 may be
used.

Interpretation of Results.. In order to interpret the results of an RD design,
one must know the nature of the assignment variable, who received the
program and the nature of the outcome measure. Without this information,
there is no distinct outcome pattern which directly indicates whether an effect
1s positive or negative.

To illustrate this, we can construct a new hypothetical example of an RD
design. Let us assume that a hospital administrator would like to improve the
quality of patient care through the institution of an intensive quality of care
training program for staff. Because of financial constraints, the program is too
costly to implement for all employees and so instead it will be administered to
the entire staff from specifically targeted units or wards which seem most in
need of improving quality of care. Two general measures of quality of care are
available. The first is an aggregate rating of quality of care based on observation
and rating by an administrative staff member and will be labeled here the QOC
rating. The second is the ratio of the number of recorded patient complaints
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Figure 13. Regression results for final model.

The regression egquation is

posteff = 49.8 + 0.8l4*precut + 9.59%group
Predictor Coef Stdev t-ratio
Constant 49.5421 0.5786 B6.14
precut 0.81379 0.04138 19.67
group 9.8875 0.9515 10.39
5 = 6.633 R-sg = 47.5% R-=dg{adj)

P
0.000
0.000
0.000

ancova

47.3%

We see in these results that the treatment effect and SE are almost identical to
the previous model and that the treatment effect estimate is an unbiased
estimate of the true effect of 10 points. We can also see that all of the terms in

the final model are statistically significant, suggesting tha
model the data and should not be eliminated.

t they are needed to

So, what does our model look like visually? Figure 14 shows the original

bivariate distribution with the fitted regression model.

Figure 14. Bivariate distribution with final regression model.

a0 —
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0 B0 70

fre

80 490
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Clearly, the model fits well, both statistically and visually.

Copyright ©2006, William M.K. Trochim, All Rights Reserved
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The Curvilinearity Problem

The major problem in analyzing data from the RD design is model
misspecification. As will be shown below, when you misspecify the statistical
model, you are likely to get biased estimates of the treatment effect. To
introduce this idea, let's begin by considering what happens if the data (i.e., the
bivariate pre-post relationship) are curvilinear and we fit a straight-line model
to the data.

Figure 1. A curvilinear relationship.

If the true pre-post relationship is not linear... value of overlap;

80 — not step-function
70 assignment, prob
o« B0 —
5
B 5p |
o
40
30
20 -

T T T T T T T T T T T
0O 10 20 30 40 50 60O VO 80 90 100

pre

Figure 1 shows a simple curvilinear relationship. If the curved line in Figure 1
describes the pre-post relationship, then we need to take this into account in
our statistical model. Notice that, although there is a cutoff value at 50 in the
figure, there is no jump or discontinuity in the line at the cutoff. This indicates
that there is no effect of the treatment.
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